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Preface

The 1% Workshop on Business Intelligence for the Real-Time Enterprise (BIRTE
2006) was held on September 11, 2006 in conjunction with the 32" International
Conference on Very Large Data Bases (VLDB 2006) in Seoul, Korea. The co-
location with VLDB is very important as the topic of the workshop was centered on
different aspects in the lifecycle of business intelligence on very large enterprise-wide
operational real-time data sets.

In today’s competitive and highly dynamic environment, analyzing data to under-

stand how the business is performing, to predict outcomes and trends, and to improve
the effectiveness of business processes underlying business operations has become
critical. The traditional approach to reporting is not longer adequate; users now de-
mand easy-to-use intelligent platforms and applications capable of analyzing real-time
business data to provide insight and actionable information at the right time. The end
goal is to improve the enterprise performance by better and timelier decision making,
enabled by the availability of up-to-date, high-quality information.
As a response, the notion of "real-time enterprise" has emerged and is beginning to be
recognized in the industry. Gartner defines it as “using up-to-date information, getting
rid of delays, and using speed for competitive advantage is what the real-time enter-
prise is all about... Indeed, the goal of the real-time enterprise is to act on events as
they happen. ”

Although there has been progress in this direction and many companies are intro-
ducing products towards making this vision reality, there is still a long way to go. In
particular, the whole lifecycle of business intelligence requires new techniques and
methodologies capable of dealing with the new requirements imposed by the real-time
enterprise. From the capturing of real-time business performance data to the injection
of actionable information back into business processes, all the stages of the business
intelligence (BI) cycle call for new algorithms and paradigms as the basis of new
functionalities including dynamic integration of real-time data feeds from operational
sources, evolution of ETL transformations and analytical models, and dynamic gen-
eration of adaptive real-time dashboards, just to name a few.

The goal of the BIRTE 2006 workshop was to provide a forum for the discussion
of five major aspects of business intelligence for the real-time enterprise: Models and
Concepts for Real-Time Enterprise Business Intelligence, Architectures for Real-
Time Enterprise Business Intelligence, Uses Cases of Real-Time Enterprise Business
Intelligence, Applications of Real-Time Enterprise Business Intelligence and Tech-
nologies for the Real-Time Enterprise Business Intelligence.

The workshop started with the keynote "Practical Considerations for Real-Time
Business Intelligence" by Donovan Schneider. It continued with several sessions
addressing various aspects of real-time data analysis. The first session “Streaming
Data” concentrated on data streams as one mechanism for obtaining real-time enter-
prise data. The second session “Data Loading and Data Warehouse Architectures”
addressed data loading and data warehouse architectures that both are a basis for the
actual analysis task. The third session “Integration and Data Acquisition” focused on
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heterogeneous data sources as well as mechanisms for obtaining real-time data. The
final session “Business Processes and Contracts” extended the analysis aspect from
data to processes. The workshop closed with the interesting panel “"How Real Can
Real-Time Business Intelligence Be?" moderated by Malu Castellanos, and Chi-Ming
Chen, Mike Franklin, Minos Garofalakis, Wolfgang Lehner, Stuart Madnick and
Krithi Ramamrithan as speakers.

The field of business intelligence for the real-time enterprise is fairly new, albeit
increasingly important. This first workshop on the topic was meant to be a starting
point of a series of several workshops covering various aspects in more detail over
time. As academic research and industrial application experience more in-depth in-
sights and use of this technology, an interesting research field opens up as well as an
exciting area for practitioners. We encourage researchers and those in industry to
continue their exciting work, and we encourage newcomers to enter this challenging
and increasingly important field as there is still a lot of exciting work to be done.

We wish to express special thanks to the Program Committee members for pro-
viding their technical expertise in reviewing the submitted papers and preparing an
interesting program. We are particularly grateful to the keynote speaker, Donovan
Schneider, for delighting us with his very interesting keynote. Special recognition
goes to the panelists for their enthusiastic participation in presenting their perspec-
tives. To the authors of the accepted papers we express our appreciation for sharing
their work and experiences in this workshop. Finally, we would like to extend many
thanks to the VLDB 2006 Workshop Co-Chairs, Sang-goo Lee and Ming-Chien
Shan, for their support in making this workshop possible.

September 2006 Christoph Bussler
Malu Castellanos

Umesh Dayal

Sham Navathe
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Practical Considerations for Real-Time Business
Intelligence

Donovan A. Schneider

Yahoo! Inc.
701 First Avenue, Sunnyvale, CA 94089
dschneider@yahoo-inc.com

Abstract. The area of real-time business intelligence is ill defined in industry.
In this extended abstract we highlight the practical requirements through the use
of examples across several domains.

1 Introduction

Real-time Business Intelligence (BI) is an ambiguous area. To be practical in indus-
try, real-time BI must satisfy two requirements:

1. Time is money. It costs money to reduce latency. The decisions to be made on
the reduced latency data must justify the investment.
2. Actionable Data. Effective decision making requires rich contextual data.

1.1 Examples

We discuss several examples across different domains to highlight the practical real-
time business intelligence requirements. Fraud detection is the canonical example of
real-time BI. It involves detecting anomalies, for example, in credit card usage. De-
tection must be done quickly in order to prevent further fraudulent use. Fraud detec-
tion can be thought of as a form of alerting. The time in which to make a decision
may be seconds or minutes. However, a surprising amount of context is required to
prevent excessive numbers of false positives or false negatives. For example, different
alerting applications may require knowledge of days of weeks (e.g., weekday vs.
weekend), holidays, geographical location, past behavior and trends, to name a few.
Without sufficiently rich context the decision making will be of limited usefulness.

Another illustrative example is real-time marketing. When a customer calls into a
call center a decision may be made to pitch a premium service (up-sell) or a related
product (cross-sell). The decision of which marketing message to present must be
made in seconds (or sub-seconds). Again, in order for the marketing to be effective
ample information must be available, including the reason for the current call, previ-
ous offers and their acceptance, behavior of similar users, history of the customer, etc.
Often this rich contextual data is built offline in the form of models in order to meet
the ultra low latency requirements.

C. Bussler et al. (Eds.): BIRTE 2006, LNCS 4365, pp. 1 43| 2007.
© Springer-Verlag Berlin Heidelberg 2007



2 D.A. Schneider

Many other forms of traditional business intelligence exist. These require very rich
contextual data including role-specific views (e.g., an executive, district manager and
a sales representative see different views of the same data) and task specific views
(sometimes referred to as guided navigation). Most of these applications do not re-
quire decisions to be made in seconds, but rather in minutes. Thus, these types of ap-
plications are classified as near real-time, not real-time. When humans are making the
decisions a person needs time to analyze the information and make a decision. Even
when programs/systems are making the decisions enough data must be available for a
useful decision to be made. Examples include incident tracking, inventory manage-
ment, and sales analytics.

Several interesting examples of BI exist in the domain of web analytics. A com-
mon example is a recommendation service where other products (movies, books, etc.)
are recommended based on what similar people liked or bought. Behavioral targeting
is somewhat similar to this; it involves showing specific advertisements or personal-
ized content to a user based on sophisticated models that may include demographic
data (age, gender, income level, etc.), geographic data, and past and present user be-
havior. The interesting aspect of these examples is that although the decision of the
recommendation or advertisement to present must be made in real-time (seconds), the
context is often built off-line as part of a sophisticated modeling process. Refinements
to the model may be made in real-time.

An interesting marketing area for the web is search engine marketing (SEM). SEM
involves bidding on search terms from the search engine vendors (e.g., Yahoo!,
Google, and MSN) to lead users to a particular web page, and then analyzing the
click-thru and conversion rates of the users. Decisions to buy more or less of a search
term must be made quickly. However, latencies of many minutes are common be-
cause enough user traffic must be analyzed before an effective decision can be made.

Another category of web analytics is popularity. Although it is possible to update
the list of most popular search terms or downloads in real-time, this is often not done
because the decisions to be made do not justify the investment and/or because of con-
cerns of abuse (spam, pornography, abuse, etc.).

Experimentation is another common web application. An experiment may involve
an A/B test to evaluate whether a new page design is superior. The metrics may
involve measuring an increase of time spent on the page, click-thru rate on advertise-
ments, or moving a user to a desired end state such as upgrading to a premium ser-
vice. In order for an accurate decision to be made, though, enough users must see both
versions. Thus, decisions cannot typically be made for at least 15 minutes.

Some common themes can be seen from these examples. First, rich contextual data
is needed to make effective decisions. Second, relatively few applications justify true
real-time decision making. This is because the cost of providing the data in context
does not justify the decision making, or simply because more time is needed to ac-
quire the context to make an informed decision. In many cases, the requirement is for
near real-time business intelligence which is measured in minutes, not seconds.

2 Challenges

There are many technical challenges in providing practical real-time or near real-time
business intelligence. Because the decisions to be made have been determined to be
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valuable and must be made with low latency, the underlying systems must be highly
available. The rich contextual data often implies a high degree of data integration,
access to detailed data, and access to aggregated/trending data. Sophisticated model-
ing may often be employed in order to classify behavior into similar segments. As the
requirements get closer to real-time (seconds), the applications must tolerate some
amount of data incompleteness or inaccuracy, as it is often not feasible (financially or
technically) to provide 100% of the data within such strict time requirements.

3 Architectures

Several architectures exist for providing business intelligence. The most common
solution for real-time business intelligence is to build a custom system. Commercial
off the shelf platforms are not typically suited to the ultra low latency access, high
availability and integration with detailed and aggregated data.

Commodity solutions for near real-time business intelligence typically involve
enterprise data warehouses; these can be virtual or physical. The warehouse environ-
ment provides the detailed and aggregated data as well as high availability. The pri-
mary challenges are to load the data into the warehouse with low latency and to query
it with low latency.

Several startups have emerged to build platforms to support low latency decision
making on high volumes of streaming data. The primary challenges are to build a
platform that is cost effective for applications that do not require ultra low-latency and
to integrate with alternative data sources to provide the rich context necessary for
decision making.

4 Summary

Most applications do not require real-time business intelligence which we define as
making decisions in seconds or sub-seconds. Rather, given the difficulty and high cost
of providing real-time BI, many of these applications can tolerate, or even require,
less strict latency requirements.



What Can Hierarchies Do for Data Streams?

Xuepeng Yin and Torben Bach Pedersen

Aalborg University

Abstract. Much effort has been put into building data streams management sys-
tems for querying data streams. However, the query languages have mostly been
SQL-based and aimed for low-level analysis of base data; therefore, there has
been little work on supporting OLAP-like queries that provide real-time multi-
dimensional and summarized views of stream data. In this paper, we introduce a
multi-dimensional stream query language and its formal semantics. Our approach
turns low-level data streams into informative high-level aggregates and enables
multi-dimensional and granular OLAP queries against data streams, which sup-
ports the requirements of today’s real time enterprises much better. A comparison
with the STREAM CQL language shows that our approach is more flexible and
powerful for high-level OLAP queries, as well as far more compact and concise.

Classification: Real-time OLAP, Streaming data, Real-time decision support.
Submission Category: Regular paper.

1 Introduction

Pervasive Computing is the newest wave within the IT world. Examples are tempera-
ture and noise sensors that can measure whether the environment behave as expected,
and report irregularities. The data produced by these devices are termed data streams.
Due to the different characteristics of data streams (e.g., continuous, unbounded, fast,
etc.) from those of traditional, static data, it will most often be infeasible to handle the
total data stream from a large number of devices using traditional data management
technologies, and new techniques must therefore be introduced.

Recent studies have been focusing on building Data Stream Management Systems
(DSMS) similar to the traditional DBMS’s. However, queries in these systems have
to a large extent been based on SQL and targeted for low-level data, and therefore
are not suitable in performing OLAP-like operations to provide multi-dimensional and
multi-granular summaries of data streams. As the notion of real-time enterprise is more
and more recognized in the industry, analyzing data in a timely fashion for effective
decision making in today’s competitive and highly dynamic environment has become
critical. Examples of such technologies are real-time OLAP, real-time Business Activity
Monitoring (BAM), and streaming data. The solution presented in this paper is to build a
multi-dimensional stream query language with built-in support for hierarchies, enabling
the OLAP functionalities such as slice, roll-up and drill-down queries for powerful and
timely analysis on data streams, which supports the requirements of today’s real time
enterprises much better.

Specifically, we present the following novel issues: 1) a new cube algebra that en-
ables multi-dimensional and multi-granular queries against static OLAP cubes. That is,

C. Bussler et al. (Eds.): BIRTE 2006, LNCS 4365, pp. 4 2007.
© Springer-Verlag Berlin Heidelberg 2007
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high-level and low-level facts representing summaries and details can be presented to-
gether in a query result and different levels of selection criteria can also be applied. 2)
conversion operators that transfer a continuous data stream into conventional cubes and
also the other way around. 3) stream operators that perform OLAP operations on data
streams, e.g., aggregates, roll-ups and drill-downs, with all the powers of the cube op-
erators on static data. 4) comparisons with the Stanford STREAM language for roll-up
and drill-down queries. We believe we are the first to present a multi-dimensional stream
query language capable of performing typical OLAP operations against data streams,
and the concrete query semantics for the above operators. The comparisons with the
STREAM CQL query language suggest that our approach is much more compact and
concise, and more effective in multi-dimensional and multi-granular analysis.

There has been a substantial amount of work on the general topic of OLAP [1]]. Rele-
vant work includes OLAP data modeling and querying [2[3[415]]. However, all this work
builds their solutions for static data, e.g., stored relational data. A more related topic is
data integration of OLAP databases with dynamic XML data [6]. However, the sys-
tem proposed is targeted for B2B business data on the web, which has far smaller data
volumes and update frequencies in comparison with data streams. Recent interests in
building data stream management system has generated a number of projects, including
Aurora [7], Gigascope [8], NiagaraCQ [9]], STREAM [10], and TelegraphCQ [11]]. The
query languages used by these systems generally have SQL-like syntax and the opera-
tors are analogous to operators in the relational algebra. Gigascope [[12]] supports shared
fine-granularity aggregation queries to compute multiple coarser aggregation queries
with different grouping attributes, which is a maintenance optimization rather than an
OLAP extension. Therefore, OLAP-like queries involving hierarchical structures upon
the basic stream schema have not yet been supported by current DSMS’s.

The following descriptions of our approach is based on a sensor network, where
sensor motes are deployed in a building to measure temperature every thirty seconds,
producing a data stream with the schema SensorStream(Temperature, Id, Timestamp),
capturing the current temperature reading, a unique identifier of the sensor, and the time
of measurement. Also, we define the measure Temperature which is characterized by the
dimensions Location(All-Floor-Room-Id), and Time(All-Day-Hour-Minute-Second),
where the bottom levels are the attributes from the stream schema. A regular OLAP
database, SensorCube, contains all the stream data produced on June 15, 2005.

The rest of the paper is organized as follows. Section [2] describes a query algebra
and a multi-dimensional query language over a static cube model. Then, Section [3lin-
troduces the stream model and the stream query language. Section [l compares our lan-
guage with the STREAM CQL with respect to OLAP-like analysis. SectionBldescribes
the current implementation. Finally Section [6] concludes the paper.

2  Querying Cubes
This section introduces the terms used in the following descriptions of cube operations.
More formal definitions about the data model and the operators can be found in [13]].

The Cube Model. A dimension D; has a hierarchy of levels L;1, ..., Li,. Alevelis a
set of dimension values. There exists a partial order, denoted ; such that for two levels
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in a dimension, L;; and L;, we say L;; ; L;j; holds if and only if the values of the
higher level L;;, contain the values of the lower level L;;. For example, let D; be a time
dimension, Day ; Year because years contain days. Similarly, a partial order also
exists between dimension values. We say that e; [ p, ez if e2 can be said to contain
e1. For example, the year 2004 has the date, Feb. 29th 2004, is denoted 2004-02-29
C p,2004. We also define C to denote a dimension value contained or equal to another.
We use e; € D; to represent an arbitrary value e; in dimension D;.

A measure M; is a set of numeric values that are being analyzed, e.g., sales, quan-
tity, etc. A fact contains measure and dimension values, i.e., a tuple with the schema
(Mi,...,My,,D1,...,Dy) where M; is a measure and D; is a dimension. A fact is
r = (v1,...,Um,e€1,...,6,), Where v; is a measure value characterized by dimen-
sion values e, ...,e,. Also, a fact can have any granularity in any dimension, i.e.,
(e1,...,en) € Dy X ... X D,. A fact table R is a set of facts with the schema
(My,...,My,, D1,...,D,), such that in each fact, the measure values v, . . ., v, are
characterized by the values from the same set of dimensions Dy, ..., D,, at any granu-
lar. For example, a fact table could be { (28.0, floor#1, 2005-06-15 08), (29.0, room#11,
2005-06-15 08), (27.0, room#12, 2005-06-15 08)}, where, there exist facts for the
hourly temperatures of floors as well as rooms. A cube is a three tuple
C = (N, D, R) consisting of the name of the cube N, a non-empty set of dimensions
D ={Ds,...,D,} and a fact table R.

Querying Cubes. The cube generalized projection operator (I1.,pe) turns the facts in
a cube into higher level facts and aggregates the measures correspondingly. We also
allow the result facts to have any granularity in any dimension to enable the roll-up and
drill-down effects on certain dimensions in the query results, meaning that there might
be multiple combinations of grouping values where the values from the same dimension
in different combinations may be from different levels. When compared with the CUBE
and ROLLUP operators [3]], the cube generalized projection operator is more flexible
and powerful in terms of OLAP-like queries. Specifically, the 11.,,. operator can roll-
up the input cube to any combination of levels without having to enumerate a full set
of super-aggregates (as the CUBE and ROLLUP operators always do) and to specify
the subset using conditions on the GROUPING() functions [3]. Moreover, the operator
allows roll-up to or drill-down on a specific dimension value to, e.g., monitor anomalies
on certain locations, which is not possible for the CUBE and ROLLUP operators. Thus,
the cube generalized projection operator serves better for the purpose of our approach.

To ensure correct aggregation and also to be deterministic, we always use the lowest-
level facts in each group, where in each tuple, every dimension value is from the bottom
level. For example, to compute the hourly average temperature of a floor, we use the
tuples directly from the sensors with the timestamps at the second level. We say such
tuples have the lowest level-combination which is (Id, Second). However, sometimes,
the tuples with such a level-combination may not be available, e.g., the base tuples are
rolled up to higher levels, then the lowest level-combination now contains the lowest
available levels in the dimensions of the current tuples. Currently, we assume that there
always exists a lowest level-combination (in either sense above) in a group.

Definition 1 (Cube Generalized Projection). Suppose that C = (N, D, R) is the

input cube, the generalized projection operator is defined as: chbe[{eill,---,eim},---,
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{eikl""’eik”k}]<fj1(]\/[jl)""’fjl(]\/[jl)>(c) = (N, D, R’), where N and D are the same
as in C, R is the new fact table, {€;,1,...,€i,n, } is a set of dimension values from
dimension D;, and f;,, ..., [, are the given aggregate functions for the specified mea-
sures {Mj,, ..., M;}. Similar to the relational aggregate operator, a combination of
the dimension values (i.e. grouping values) from each of the given sets constitutes a
group of fact tuples over which the measures are aggregated. A group is denoted as
9(eiyjy seer€ipip) where (eiljl, ceey eikjk) € {61'11, ceey eilm} X ... X {eikl, ey eiknk}.
A group ge, ;. ,....ei ;,) I the set of tuples such that the values from the dimensions
Dy, ,...,D;, in the tuple are contained in the values ¢;,j,, ..., e¢;, j, from the same
dimensions, i.e., (e, ; .. .e ;) = {(v1,...,0m,€1,...,en) € Fl|Ie;,,...,e;, €
{61, IR en}(eil EDil €y N - A€y EDik elk]k)}

Each group produces one fact tuple consisting of the measures calculated over the
tuples in the group. A fact is a lowest-level fact, if for any dimension value e;, in such a
tuple, no descendants of e;, exists in any other fact of the group, and the group of such

tuples is Jlowest, i-€-,fOVagVOMP g(eiljl yeer€ig ip ) Jlowest = {(’01, s Umy €1, .00, en) €
/ / / / / / /
g(eiljl ,...,eik]‘k)|£(vlﬂ e VUmﬂ 617 ttty en) € g(eil_jl,...,eikjk)a eih € {617 R en}) eih, €
! . _ ! /
{er, .. en}(e], C eih)}/. The fact tuple produced over the group is r = (v ..., v,
€irjis- -5 Cipjy ), Where vi = fu, ({vj, [(v1, - 05,5 Uy €15 -5 €n) € Glowest })

and the input to the aggregate function is a multiset. We use g(c, seneigg,) T IO
denote the relation between the group and the result tuple. The result fact table is
R = {rlg € GANg — r}, where G is the set of all the non-empty groups, i.e.,
G = {g(ei1j1)~~~~,e’ikjk)‘(eiljl’ ey eikjk) € {eill, ey 81‘“LI} X...X {eikl, ey eiknk}/\

g(eiljl ,...,eik]‘k) 7& @}-

Temperature| Location Time

28.0 stl 2005-06-15 08:00:00
28.0 s#2  [2005-06-15 08:00:00 Temperal Locat T
27.0 #3  [2005-06-15 08:00:00 perafurel ~ocation [me

27.6 floor#1 [2005-06-15 08:00
27.0 s#t4  (2005-06-15 08:00:00

28.1 room#11 [2005-06-15 08:00
28.2 stl 2005-06-15 08:00:30

27.1 room#12 [2005-06-15 08:00
28.2 s#2__|2005-06-15 08:00:30 (b) The fact table after the operation
27.2 s#3  [2005-06-15 08:00:30 P
27.2 s#t4  (2005-06-15 08:00:30

(a) The fact table before selection

Fig. 1. The fact tables before and after the cube generalized projection

Example I. Let the table in Figure be the current fact table of SensorCube. The
cube generalized pI'Oj ection chbe[{ﬂoor#l , room#1 1, room#12}, {2005-06-15 08:00}] (SensorCube)
computes the average temperature per minute for floor#1, room#11, and room#12. The
fact table after the operation is shown in Figure [I[(b)] The average floor temperature is
computed over all the tuples in Figure[[(a)] which are directly from the sensors and all at
the lowest-level. Similarly, the average temperature of room#1 1 is computed over all the
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tuples sent by sensors s#1 and s#2 (the sensors in room#1 1), whereas the temperature
of room#12 is computed over the tuples sent by s#3 and s#4 (the sensors in room#12).

Similarly to the relational selection operator o, the cube selection operator g ype 18
used to process the facts, where measure values of a fact as well as the dimension
values characterizing the measures must satisfy certain criteria to be selected into the
result. Specially, levels of any granularity from any dimensions can be involved in the
predicates; thus, a cube selection is capable of selecting multi-granular facts. That is, the
predicate is true if the fact contains the value that satisfies the condition (e.g., room#11
in the above predicate) or descendants of the satisfying value (e.g., s#1 or s#2). In this
way, we can easily specify the scopes of the interesting tuples to be analyzed without
enumerating a long list of low-level details.

Definition 2 (Cube Selection). Suppose the input cube is C' = (N, D, R), the selec-
tion operator is: 0oypejp)(C) = (N, D, R'), where the cube name N and the dimensions
D are not changed, and the output fact table is R' = {r|r € R A 0(r) = true}.

The Multi-dimensional SQL Language: SQL; The query below,

SELECT AVG(Temperature), Room, Minute
FROM SensorCube
WHERE Time.Hour BETWEEN 8 AND 9
AND Room in ("room#11°, 'room#12’)
DRILLDOWN DESCENDANTS(room#11°, Location.Id)

calculates the average temperature per minute for not only room#11 and room#12 but
also the sensors in room#11 between 08:00:00 and 09:00:00. The DESCENDANTS
function in the DRILLDOWN clause drills down to the Id level of the Location dimen-
sion for room#11, whose corresponding descendants are the sensors, s#1 and s#2. The
optional DRILLDOWN clause is used to enable data analysis at a finer level for some
specific dimension values, which are at the level given in the SELECT clause. Note
that the first argument of DESCENDANTS can be a level, meaning drill-downs to the
second argument level for all the values on the first level. The algebra expression for
the above query is: Il ype|room#11, room#12, s#1, s#2},{08:00,...,08:59}] < AVG(Temperature)> ( Tcube|

Time.Hour BETWEEN 8 AND 9 A Room IN (room#11°, room#12’ ] ((SensorCube)). The operator oy
filters the cube and only passes on the sensor data emitted in room#11 and room#12 be-

tween 08:00:00 and 09:00:00. The parameters of the operator I1.,;, contain the set of
values at different levels from the Location dimension and the set of timestamps at the
Minute level in the specified range. The filtered tuples are grouped according to the
combinations of the values from the two sets. The cube generalized projection operator
then computes the aggregated result tuple for each group.

The SELECT, WHERE, and FROM clauses are similar to the respective clauses in
SQL, except that users do not need to specify join predicates in the WHERE or FROM
clauses if column names in the SELECT clause are from different tables. The DRILL-
DOWN clause allows drilldown to lower levels of the same dimensions, to which the
levels given in the SELECT clause also belong. A drilldown operation is specified by
the DESCENDANTS function, which is similar to the DESCENDANTS function in
MS MDX([14]. The general form of a SQLj; query can be stated as follows:
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SELECT Lil"’]?"'7Lik7'k7fj1(]‘4j1)7"'7-ﬂl(Mjl)
FROM C
[WHERE 01 }

[DRILLDOWN DESCENDANTS(€;, 5, ; Liy py ). - -» DESCENDANTS(€3 14, » iy g1 )s

DESCENDANTS(€i, 1, 5, > Liy py.)s- - -» DESCENDANTS (€5, 1, 11> Lig 1) |

where, L;, y, ..., Li,r, are dimension levels from dimensions D, , ..., D;,, fj ...,
[, are aggregate functions on measures Mj, , ..., M;,, and C is the input cube. 6 is
the select predicate on dimensions and base measures. Note that the WHERE clause
is optional. €;, 1, s, - - - » € rp,t, are some dimension values from the level L;, ., in the
SELECT clause. L;, , in DESCENDANTS(¢;,, 1, s, » Li,, p,,) 15 another level lower than
L, , in the same dimension D;, . Note that the DRILLDOWN clause is also optional.

For each query on this form, we define the query semantics to be 17, cubel{ei 1, eiyny }
i treip i N<F3y (M) ) ) (Mj,)>(0cube[91](0)), where 0.ypefg,] is optional, and
{€i,1,---,€in, + 18 a set of dimension values from the dimension D;, , which consists
of all the dimension values from the level L;, ., as specified in the SELECT clause if
the DRILLDOWN clause is not present, otherwise it also contains the descendant di-
mension values for e;, r, s, - - -, €, r,,1, from the levels L;, ,, .. .., Ly, 4, , respectively,
as specified in the DRILLDOWN clause.

3 Querying Data Streams

The Streams Data Model. A stream fact is a timestamped regular fact where the
timestamps are from the dimension of application time, which is assigned by the data
sources. For example, sensor readings include the timestamps denoting the time at
which a reading was taken, e.g., 2005-06-15 07:01:00,000 in the pattern of yyyy-mm-dd
hh:mm:ss.xxx. Like a regular fact, a stream fact can have any granularity in any dimen-
sion. Therefore, a timestamp may refer to a time value coarser than the basic times-
tamps. That is, a time period associated with aggregated measure values. For example,
2005-06-15 07 represents the duration of an hour from 7:00AM, which includes 60
minutes directly as child values. 2005-06-15 07:01 represents the duration of a minute
from 7:01 AM, which includes 60 seconds as child values.

A punctuation is a special stream fact, which denotes the end of a subset of stream
facts. Same as in [I3]], a fact r is said to match a punctuation p when the function:
match(r, p) returns ture. A punctuation is represented as a series of patterns over data
items in the stream facts. The defined patterns are as following: 1) * for the wildcard
matching any value, 2) ¢ for a constant that matches only ¢, and 3) e; for any dimension
value v with a partial order relationship to e;, i.e., v Cp, e; along dimension D;.
Here, we assume that the stream sources, such as sensors, are smart enough to embed
punctuations into the stream data when emissions of special subsets of stream tuples
are finished. An example punctuation is in the form p = (x,...,*,t,) and no stream
facts with timestamps ¢ = ¢, will come after p and all the facts that come later all have
timestamps ¢ > t,,. Here, ¢t might be a descendant of a larger value on the same level
as t,, or the large value itself. For example, 2005-06-15 09:01> 2005-06-15 08 because
2005-06-15 09>2005-06-15 08 and 2005-06-15 09:01=72005-06-15 09.
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A fact stream S is an ordered multiset of stream facts {ry, ..., r;} where facts are
aligned from left to right in the sequence of their arrivals in the stream. Moreover, facts
in the stream have the schema (M, ..., M,,, D1,...,D,), where measures in each
stream fact are characterized by the same set of dimensions.

Conversion Operators. The multi-dimensional SQL queries and the cube operators
above are one-time operations, i.e., they consume input and produce output only once
in their lifetime. Based on these notions, we view the execution of stream queries as
continuously consecutive runs of one-time queries on a data stream; therefore, streams
are first converted to cubes then processed by the cube operators, which, when looked as
one process, can be triggered by time-based or tuple-based events. Next, we introduce
the conversion operators (i.e., stream-to-cube and cube-to-stream operators).

The stream-to-cube operator, when executed, produces a cube using the data from the
input stream. Intuitively, the cube is a multi-dimensional snapshot of the input stream,
i.e., columns of the stream tuples are divided into measures and dimensions and hierar-
chical data including the dimension values in the stream tuples are used to characterize
the measure values. In some sense, the snapshots constructed by the stream-to-cube
operator are time-based windows when the execution frequency of the cube operators
is triggered by time, or tuple-based windows when the executions are triggered by a
certain number of tuples. The snapshot contains either all the stream tuples in the cur-
rent stream which are then processed to reveal the latest status or some tuples that
satisfy certain conditions (e.g., punctuations marking the end of a set of tuples have ar-
rived). We say that the stream-to-cube operators converting the entire input stream are
in CONTINUOUS mode and non-blocking, and those with constraints on input facts in
PERIODIC mode and blocking.

Definition 3 (Stream-to-Cube). The stream-to-cube operator takes a fact stream S
with the schema (M, ..., My, D1, ..., Dy,) as input and generates a cube. Formally,
a stream-to-cube operator is defined as: SCy, .. 4.y mopE(S) = C, where {t1,
..., tg} are the timestamps representing the time periods to divide the input stream
facts into subsets. The timestamps are inherited from the cube operators for which the
input stream is converted. Moreover, C = (N, D, R) is the new cube, where N is the
new cube name, D = {Dq,...,D,} are the dimensions characterizing the measures
of the stream facts, and R is the fact table which contains the facts that are selected
from the input stream according to the parameter MODE. In the following, suppose
r=(V1,...,Vm,€1,...,en_1,L.) is a stream fact and t, is the timestamp, P is the set
of punctuations in S, p € P is a punctuation, and t, is the timestamp of p marking the
end of a subset of stream facts.

When MODE=PERIODIC, the operator is blocking for the facts emitted in a given
time period until their punctuations are received. In other words, for each execution,
if all the stream facts having the timestamps within the specified periods of time are
received, i.e., the subsets for the parameters are complete, they are converted into cube
facts, and those without matching punctuations will be left in the input stream until, at a
later execution, the operator finds that the subset they belong to is complete. Formally,
suppose Si,,...,St, are the subsets for the time parameters ti, ..., ty, respectively.
ie, Sy, ={rlre SAt, Cprti},..., S, = {rlr € SAt, Cp tx}. Among them, the
complete sets are Sy, ..., Sy, (1 < j <1 <k)where¥r € Sy, Ip € S(match(r,p) A



What Can Hierarchies Do for Data Streams? 11

t, > ti) whent; € {tj,..., t;}, whereas the incomplete sets are Sy, ,..., S, (1 <
m < n < k) where¥r € Sy, fip € S(match(r,p) A t, > t;) whent; € {tm,..., tn}.
Then, the fact table of the result cube is R = Sy; U. ..U Sy,. The input stream after the
operationis 8" = S;, U...US;,.

When MODE=CONTINUOUS, the operator is non-blocking. That is to say, when-
ever the operator is invoked, all the facts except the punctuations in the input stream
will be output to the result cube, which is defined as R = S\P. When the set of the
timestamps is empty, i.e., the operator is SC(y conrivuous), then the input stream after
the operationis S’ = ), i.e., everything is moved to the result cube. Otherwise, the input
stream is the same as in PERIODIC mode.

Example 2. This example shows how a stream is converted into cubes containing the
facts produced from 2005-06-15 08:00:00 to 2005-06-15 08:02:00. Figure Pl shows the
input and the output facts for just two working sensors, where facts in the top blocks
are from the input stream and those at the bottom are the facts in the result cubes (the
same alignment also appears in Figure Bl) Note that in the following examples the
Year-Month-Day part of the timestamps is omitted to save space. For each execution,
the selected facts on the left are the results of the PERIODIC mode and those on the
right are results of the CONTINUOUS mode. The stream-to-cube operators producing
the cubes to be aggregated upon behave as follows, respectively:

When SC/{2005.6-15 08:00, 2005-6-15 08:01} ,pERTODIC] () 18 invoked, it outputs a cube con-
taining the stream facts from the complete subsets for the past minutes. Suppose the
operator is invoked at 08:01:20, the stream facts 1, r2, r3, and r4 with timestamps
included in the minute 08:00 (i.e., 08:00:00-08:00:59), and 5 and 76 with timestamps
included in 08:01 (i.e., 08:01:00-08:01:59) have been received; thus, the facts in the
input stream are divided into Sog.00 = {r1,72,73,7r4}, and Sps.01 = {r5,r6}. Because
pl and p2 mark the set Spg.00 complete and the punctuations for the facts in Spg.o; have
not been received, the facts in the result cube are {r1,r2,73,74}. r5 and r6 are left
in the input stream. At 08:02:32, the complete set is Sos.01 = {r5,76,77,78}. The
punctuations p3 and p4 mark the end of the facts emitted before 08:02:00. Therefore,
the result cube of the second execution contains the facts {r5, r6, 7, r8}. At this point,
no more timestamps are left in the parameters and the operation is done.

When the CONTINUOUS output mode is applied, the operator SC/{2005.6-15 08:00,
2005-6-15 08:01},cONTINUOUS] (S) outputs a cube containing all the facts in the current input
stream every time the operator is invoked. Like the PERIODIC execution, facts from
the incomplete subsets are remained in the input; thus, 5 and 76 are kept in the input
stream for the next execution. At 08:02:32, all facts are copied to the result cube and
there is no more incomplete sets according to the parameters. The operation is done.

The stream-to-cube operator does the conversion the other way around, which enables
the aggregated/selected cubes to be presented in a streamed fashion; thus, historical
data can participate in a stream query together with fresh data, thereby providing more
powerful analysis on data streams. The two conversion operators are symmetric, which
means one operator produces the data that can be accepted by the other. Because a cube
does not contain punctuations, a cube-to-stream operator explicitly generates punctua-
tion tuples for the output stream.
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r1(23.0, s#2, 08:00:00)
r2 (23.1, s#1, 08:00:00)
r3 (23.3, s#l, 08:00:30)

pl( *,

s#1, 08:01:00)

r4 (23.4, s#2, 08:00:30)

P2 ( *,

s#2, 08:01:00)

75 (25.0, s#1, 08:01:00)
r6 (25.0, s#2, 08:01:00)

Execution at 08:01:20

v

r1(23.0, s#2, 08:00:00)
72 (23.1, s#1, 08:00:00)
r3 (23.3, s#1, 08:00:30)
r4 (23.4, s#2, 08:00:30)

v

r1(23.0, s#2, 08:00:00)
r2 (23.1, s#1, 08:00:00)
r3 (23.3, s#l, 08:00:30)
r4 (23.4, s#2, 08:00:30)
75 (25.0, s#1, 08:01:00)

75 (25.0, s#1, 08:01:00)
76 (25.0, s#2, 08:01:00)
r7(26.3, s#l1, 08:01:30)

p3 ( *,

s#1, 08:02:00)

r8 (26.1, s#2, 08:01:30)

P4 ( *,

s#2, 08:02:00)

r9 (26.6, s#1, 08:02:00)
710 (26.6, s#1, 08:02:30)

Execution at 08:02:32

v

r5 (25.0, s#1, 08:01:00)
76 (25.0, s#2, 08:01:00)
r'7(26.3, s#1, 08:01:30)
78 (26.1, s#2, 08:01:30)

r5 (25.0, s#1, 08:01:00)
r6 (25.0, s#2, 08:01:00)
r7(26.3, s#1, 08:01:30)
r8(26.1, s#2, 08:01:30)
79 (26.6, s#1, 08:02:00)

710 (26.6, s#1, 08:02:30)
CONTINUOUS mode

76 (25.0, s#2, 08:01:00)

PERIODIC mode CONTINUOUS mode PERIODIC mode

Fig. 2. Stream-to-cube operator at 08:01:20/08:02:32

Definition 4 (Cube-to-Stream). A cube-to-stream operator takes a cube as a param-
eter and appends the fact tuples into a fact stream. Moreover, for each fact in the cube, a
matching punctuation is also appended to the output cube. Suppose
C = (N, D, R) is the input cube, O is the output stream, a cube-to-stream operator
is defined as: C'S(C) = O', where O is the output stream with the new facts. Formally,
O’ = append (O, sort(R U R,)), where R, is the set of punctuations for the facts in
R, ie, Ry, = {(*1,.-,*m,€1,...,6n)|(V1,...,0m,€1,...,€,) € R}. The function,
sort, is used to transform a regular set of facts into an ordered multiset. Here, the result
multiset just has the sequence as they appear in R on the physical storage and each
punctuation fact is placed after the fact with the same dimension values (see below).
The function specification could be application dependent, which means the tuples in
the result can also be sorted by attribute(s) in the tuples, e.g., timestamp. The function,
append, appends each fact in the sorted multiset to the end of O.

Punctuations duplicate the facts except for the measure values, because we might not
have pre-knowledge about the cube data. For example, the cube facts may have been
aggregated, divided into subsets or selected by some criteria; thus there are no general
patterns that can summarize the facts. Also, a punctuation defined as above identifies a
unique fact, which also holds when streams are merged.

Stream Operators. The operators for stream queries are stream-to-stream (stream in
short) operators whose inputs and outputs are streams. Unlike the STREAM project, we
explicitly introduce stream-to-stream operators so that the data-flows in a query plan of
such operators are always streams. With the inter-operator data flows, it is possible to
physically distribute and execute the operators of a query plan on different computing
devices; thus, instead of sharing the limited resources on one location, stream query
execution can take the advantage of multiple processing and memory units. Also, the
streaming input and output allow Gigascope’s [12] two-layer architecture for query pro-
cessing to be applied, i.e., a stream query (in our case, an operator as well) can be split
into two parts communicating with streams: 1) simple low-level queries/operators to
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reduce data volumes, and 2) (potentially complex) high-level queries/operators over the
results from the first part. Specifically, intermediate outputs of the stream operators of
some queries can be redirected to other operators, thereby also giving the potentials for
multiple-query optimization. Therefore, for a plan of stream operators, query evaluation
is more flexible than for a plan with a stream-to-cube operator at the bottom, a cube-to-
stream operator at the top, and cube operators in between. All in all, stream operators
make a plan much easier to construct and understand, and also give a potential for more
effective intermediate data sharing and query optimization. Note that in the following
we define the semantics of stream operators using the conversion and cube operators to
get well defined correspondence.

Definition 5 (Stream Selection). The stream selection operator takes a stream I as
input and outputs the result in a stream O. The formal definition is: 0 s4ycam(o)(1) = O,
where O is the output stream with the selected stream facts. The stream selection oper-
ator can be interpreted as a composition of a bottom stream-to-cube operator transfer-
ring subsets of stream facts from the input stream into a cube, a cube selection operator
in the middle filtering the cube, and a top cube-to-stream operator converting the fil-
tered cube into the output stream. Formally, O = CS(0cupe(o) (SCl1y,contivvous)(1)))-

Definition 6 (Stream Generalized Projection (SGP)). Suppose the input and output
streams of the SGP operators are I and O respectively. The operator is defined as:
Hstream(({eiy 1, meiyny b eip1rmeipmy boltprta}) MODE|<fi, (My, ), fy (M) > (1) = O,
where t,, ... 1, are the timestamps from the time dimension, i.e., time periods to di-
vide the stream facts into subsets, O is the output stream with the aggregated facts, and
MODE is PERIODIC or CONTINUOUS. Similar to the stream selection operator, the
SGP operatoris also interpreted as a stream-to-cube operator at the bottom, a cube gen-
eralized projection operator in the middle, and a top cube-to-stream operator The out-
put is O = CS(Hcube({es, 1,.mmreiyny borr{eip1rmeipmy brltprta H< Fiy (M s fi, (M) >
(SC[{tp,...,tq}, MODE)] (1)))-

Example 3. Figure[Blshows the two executions of the SGP operator in different modes.
The SGP operator in PERIODIC mode, ITgtreqm|({room#11},{2005-6-15 08, 2005-6-15 09}),
PERIODIC] < AVG(temperature)> (SensorStream), produces the streamed output as C'S (I e
room#11}, {2005-6-15 08, 2005-6-15 09}] <AVG(temperature) > (S C[{2005-6-15 08, 2005-6-15 09}.PERIODIC] (
SensorStream))). Each execution in PERIODIC mode only outputs one fact, which
contains the average temperature value aggregated over the entire subset of the stream
facts emitted in 08:00:00-08:59:59 or 09:00:00-09:59:59.

The SGP operator in CONTINUOUS mode, I sty cqm|({room#11},{2005-6-15 08, 2005-6-15
09}),CONTINUOUS] < AVG(temperature)> (SensorStream), produces the streamed output as
CS(I e froom#11},{2005-6-15 08, 2005-6-15 09}] < AVG(iemperature)> (S C[{2005-6-15 08, 2005-6-15 09},
contivuous) (SensorStream))). In Figure 3] the execution in CONTINUOUS mode at
09:25:00 produces two facts, where 71’ is the same as the 1’ in PERIODIC mode since
pl and p2 for both sensors in room#1 1 have arrived. However, 12’ is produced using the
received stream facts in 09:00:00-09:25:00 and contains the temperature value showing
the latest status. After the punctuations for r5, r6, r7 and r8 have arrived, the second
execution updates r2’, which reflects the exact average temperature for the hour.
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r1(23.0, s#2, 08:00:00)

r2 (23.1, s#1, 08:00:00) 5 (25.0, s#1, 09:00:00)
r3 (23.3, s#l, 08:30:00) 76 (25.0, s#2, 09:00:00)
r4 (23.4, s#2, 08:30:00) 7 (26.3. s#1, 09:30:00)

g; § - 22’ 8&8&88; 78 (26.1, s#2. 09:30:00)

75 (25.0, s#1, 09:00:00) p3 (% s#l, 10:00:00)
76 (25.0, s#2, 09:00:00) p4 ( *, s#2,10:00:00)
Execution at 09:25:00 Execution at 10:00:03

v v v v

r1’ (23.2, room#11,08) 71’ (23.2, room#11,08) 72" (25.6, room#11,09) 72’ (25.6, room#11, 09)
r2’ (25.0, room#11, 09)
PERIODIC mode CONTINUOUS mode PERIODIC mode CONTINUOUS mode

Fig. 3. The SGP operator at 09:25:00/10:00:03

The Multi-dimensional Stream Query Language': SQL);s Section 2l shows the
SQL,; query on stored sensor data, whereas a similar SQLyss query can be issued on
the continuous stream emitted by the same sensors. The query (below) calculates the
average temperature per minute for each room between 8 AM and 9 AM. The algebra

SELECT PERIODIC AVG(Temperature), Room, Minute
FROM SensorStream
WHERE Time.Hour BETWEEN 8 AND 9

AND Room in ("room#11°, 'room#12’)
DRILLDOWN DESCENDANTS(room#11°, Location.Id)

expression 18: Hstream[({room#l 1, room#12, s#1, s#2},{08:00,...,08:59}) ,PERIODIC] < AVG(Temperature) >

(o stream [Time.Hour BETWEEN 8 AND 9A Room IN(room#11°, ‘room#12")] (SensorStream)). The pa-
rameters of the stream operators are constructed in the same way as for the cube op-

erators, given the query and the dimensions. The selection operator o gy eqm filters the

received stream facts in a non-blocking manner and appends all the satisfying facts to

the output stream, which is the input stream of the SGP operator. The PERIODIC SGP

operator divides the complete subsets into groups according to the four location values

and computes the result fact over each group, and then waits for the next execution.
Given the input stream I, the general form of a SQLys query is:

SELECT {PERIODIC|CONTINUOUS} Li, v, , - .., Lir» fi, (M), .- - £, (M;,)
FROM I
[WHERE 01]

[DRILLDOWN DESCENDANTS(€:, 7,5, Li, py ). - - DESCENDANTS (€4, 1, s Liy 1)-

DESCENDANTS(€5,.r, s, » Liy py.)s- - -» DESCENDANTS (€11t 5 Ligay,) |

where, PERIODIC and CONTINUOUS are the new keywords that control the behaviors
of the generalized projection operator. The parameters are the same as in the general

! Due the space limit, we omit the WITH clause and the SQL style HAVING clause of the
original SQL s in the full paper [13], where the WITH clause adds new dimensions to the
stream cube based on external data, e.g., XML, to enable analysis of the facts in different
scales and perspectives.
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form of SQL,; (see [[13]] for more details about formal semantics). For each SQL;s
query on this form, we define the query semantics to be: Ilstream(({ei,1,....e1,n, }ooonr{€ip 1,
—sipny. }),OUTPUT MODE]< f;, (M, ),.... f3, (M;,)> (T stream[e,] (1)), which is similar to that
of SQL,, queries except that the operators are stream operators, and OUTPUT_MODE

represents PERIODIC or CONTINUOUS.

4 Comparison with STREAM CQL

A SQLys query uses dimension levels in its clauses and predicates, whereas the Contin-
uous Query Language (CQL) from the STREAM project uses only the columns defined
in the stream schema (basic columns in short). When performing analysis requiring
multiple views and different levels of details on stream data, the multi-dimensional and
multi-granular characteristics of SQLjs are considerably more powerful. In compari-
son, CQL, whose semantics to a large extent is based on SQL, does not fit the require-
ments of complex analysis over data stream very well.

SELECT  Rstream(AVG(Temperature) AS temp, NULL AS room, NULL AS floor,
’Overall’” AS building)
FROM SensorStream[Range 1 H, Slide 1 H]
UNION
SELECT Rstream(AVG(Temperature) AS temp, NULL AS room, floor AS floor,
NULL AS building)
FROM SensorStream[Range 1 H, Slide 1 H] SensorLocation
WHERE SensorStream.location=SensorLocation.location
GROUP BY floor
UNION
SELECT  Rstream(AVG(Temperature) AS temp, room AS room, NULL AS floor,
NULL AS building)
FROM SensorStream[Range 1 H, Slide 1 H] , SensorLocation
WHERE SensorStream.location=SensorLocation.location
AND SensorLocation.floor="floor#2’
GROUP BY room
UNION
(The union of the same three queries as above but using
the sliding window of 1 minute)

Fig. 4. The CQL query

An example is shown to compare the two languages in the wireless sensor networks
application (see for more comparisons). The task, “show the average temperatures
per hour and minute for the entire building, all the floors and the rooms on floor two”,
can be performed in both languages but with different complexity. The CQL query in
Figure@ unions six tables for the combinations of two time units and three levels of sen-
sor locations. The predicate for selecting the sensor readings from floor two appears in
two sub-queries whenever the temperature values are aggregated for the rooms. In com-
parison, the SQL,s query in Figure[Blis considerably more compact and concise for the
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drill-down operations. The arguments in the SELECT clause indicate the coarsest gran-
ularity of the output along each dimension. In addition, through the DESCENDANTS
functions, the DRILLDOWN clause specifies other lower levels that will be used to
group the input stream facts. Therefore, aggregates can be performed on the groups
formed by the combinations of Hour or Minute in the time dimension and the top level
(the whole building), Floor or Room in the location dimension. Specially, to restrict the
temperatures of the rooms not on floor#2 from being computed, the SQL,s query speci-
fies the drill-down operation on floor#2 explicitly using the DESCENDANTS function,
which is much more concise than the predicates used in the sub-queries of the CQL
query. The schema of the CQL result set is (temp, room, floor, building, timestamp)
where two of the three columns representing different levels of locations are always
NULL. The schema of the SQL,s is (Temperature, Location, Time), where Location is
a dimension and locations of any granularity are allowed to be present in this column,
thereby leaving no NULL values in the output. The two queries return the same number
of tuples (see [13]); thus, the SQLjs output is much more dense than the CQL’s.

SELECT PERIODIC AVG(Temperature), Location.All, Time.Hour

FROM SensorStream

DRILLDOWN DESCENDANTS(Location.All, Location.Floor),
DESCENDANTS (Location.’floor#2’, Location.Room),
DESCENDANTS(Time.Hour, Time.Minute)

Fig. 5. The SQLs query

We discuss two more examples in the following to compare the languages: task 2)
“show the average temperature per hour per floor” and task 3) “if the average temper-
ature of the whole building exceeds 30°C, then show the floors with average tempera-
tures higher than 32°C, and also the temperatures of each room on these floors.” Table[T]
shows the complexities of the six queries, where “# of lines” is the number of lines of
each query, “# of unions” is the number of sub—queries unioned together, “# of char-
acters” is the number of characters in each query, and “# of cells” is the number of the
cells in the output (lines x columns). In summary, we can see that the multi-dimensional
and multi-granular features of SQLys queries are more intuitive and make the OLAP-
like queries more compact and considerably easier to construct, e.g., the SQLy;s query

Table 1. Complexity comparisons

| [# of lines|# of unions[# of characters|# of cells|

CQL 31 6 990 6125
Task lrsors 3 0 199 3675
CQL 7 0 142 12
Task 2ol 2 0 77 7
CQL 27 3 834 40
Task 3o sl 6 0 255 24
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for task 1 is 5-6 times less complicated than the CQL query for the same task. This also
gives a potential for more efficient query evaluation.

5 Implementation

We implemented a prototypical stream query engine in C# with Microsoft Visual Studio
.NET 2003 on Microsoft Windows XP Pro. SP2, which supports all the queries given in
this paper. Specifically, the roll-up and drill-down operations are essentially look-ups in
hashtables, which are the dimensions loaded into the main memory during starting-up.
A dimension value and a level constitute a key in the hashtables and the corresponding
bucket stores the ancestor of the dimension value in the given level. A selection operator
is first positioned upon the input stream if the WHERE clause is present. Roll-up’s are
involved when the select predicates reference non-bottom levels. Ancestor values in
the referenced levels must be found for each input fact to evaluate the predicates. To
aggregate over the desired levels (i.e., levels referenced by the SELECT clause and the
second argument(s) of the DESENDANTS functions), ancestor values in these levels
are also needed for each input fact. Measures are then aggregated for each combination
of the ancestor values from different dimensions. A new entry is added in the hashtable
for aggregation if it does not already exist. Also, the query engine supports measure
dimensions, meaning that the values of a measure can be divided into ranges and used
as a regular dimension to characterize other measures.

SELECT CONTINUOUS AVG(Humidity), Room, Minute = FROM SensorStream
SELECT CONTINUOUS AVG(Humidity), Section, Minute FROM SensorStream
SELECT CONTINUOUS AVG(Humidity), Area, Minute FROM SensorStream
SELECT CONTINUOUS AVG(Humidity), Room, Minute FROM SensorStream
WHERE Area="outer’” AND Temprange="cold’

SELECT CONTINUOUS AVG(Humidity), Section, Minute FROM SensorStream
WHERE Area="outer’ AND Temprange="cold’

SELECT CONTINUOUS AVG(Humidity), Area, Minute FROM SensorStream
WHERE Area="outer’” AND Temprange="cold’

SELECT CONTINUOUS AVG(Humidity), Area, Minute FROM SensorStream
WHERE Area="outer’ AND Temprange="cold’

DRILLDOWN DESCENDANTS(’ outer’,Moteid)

SELECT CONTINUOUS AVG(Humidity), Area, Minute FROM SensorStream
WHERE Area="outer’ AND Temprange="cold’

DRILLDOWN DESCENDANTS(’outer’,Room)

SELECT CONTINUOUS AVG(Humidity), Area, Minute FROM SensorStream
WHERE Area="outer’ AND Temprange="cold’

DRILLDOWN DESCENDANTS(’outer’,Section)

Preliminary experiments have shown that the performance is promising. The table
below shows nine example queries. Their execution times are around 1.5 seconds (on
an Intel Pentium 1.86GHz laptop with 1.5GB of RAM) for 50,000 tuples of Intel Lab
Data [[16]. Here, the hierarchy of the dimension Location is (ALL-Area-Section-Room-
Moteid) and Temperature(ALL-Temprange-Temperature) is a measure dimension.
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Temprange contains the values: freezing, cold, warm, and hot. The input facts are fil-
tered on the fly, where the predicate “Area="outer”’ selects the sections adjacent to the
wall, but the aggregation is only performed when no more data can be received. The
experiments are preliminary at this point, but it shows that the algorithms can handle at
least 30,000 facts/second.

6 Conclusion

Stream data gives more interesting and valuable information when analyzed at appropri-
ate levels of abstraction. Due to its distinct characteristics (e.g., continuous, unbounded,
fast, etc.), traditional data analysis systems are not suitable. Recent DSMS’s are to a
large extent SQL-based and do not support OLAP-like stream analysis.

In this paper, we have introduced an approach to perform real-time OLAP-like anal-
ysis on data streams. Specifically, we presented the new cube operators that support
multi-granular analysis on persistent data and then using the new conversion operators,
we defined the new stream operators that view the input stream as cubes and support
OLAP-like real-time multi-dimensional and granular stream queries.

We believe we are the first to present a multi-dimensional stream query language
and the concrete semantics of the stream operators. Our next step is to study the per-
formance of the prototype and exploit optimization techniques (e.g., data-reduction by
multi-level aggregations, reuse of finer-granular pre-aggregations, approximations, etc.)
to maximize the stream query engine’s throughput and minimize resource consumption.
Details about experiments and implementation of the operators will be documented.

Acknowledgements

This work was supported by the Danish Research Council for Technology and Produc-
tion Sciences under grant no. 26-02-0277.

References

1. Codd, E.F., Codd, S.B., Salley, C.T.: Providing OLAP (Online Analytical Processing) to
User-Analysts: An IT Mandate (2005) (Current as of May 8, 2006)
www.essbase.com/| [resource_library/white_papers/providing.olap-
touser_analysts_0.cfm

2. Chatziantoniou, D., Ross, K.A.: Querying Multiple Features of Groups in Relational
Databases. In: Proc. of VLDB, pp. 295-306 (1996)

3. GrayJ., etal.: Data Cube: A Relational Aggregation Operator Generalizing Group-By, Cross-
Tab, and Sub-Total. In: Proc. of ICDE, pp. 152-159 (1996)

4. Jagadish, H.V., Lakshmanan, L.V.S., Srivastava, D.: What can Hierarchies do for Data Ware-
houses? In: Proc. of VLDB, pp. 530-541 (1999)

5. Pedersen, D., Riis, K., Pedersen, T.B.: XML-Extended OLAP querying. In: Proc. of SSDBM,
pp- 195-206 (2002)

6. Yin, X., Pedersen, T.B.: Evaluating XML-Extended OLAP Queries Based on a Physical Al-
gebra. In: Proc. of DOLAP, pp. 73-82 (2004)



10.

11.

12.

13.

14.
15.

16.

What Can Hierarchies Do for Data Streams? 19

. Carney D., et al.: Monitoring Streams - A New Class of Data Management Applications. In:

Proc. of VLDB, 215-226 (2002)

. Cranor, C.D., et al.: Gigascope: High Performance Network Monitoring with an SQL Inter-

face. In: Proc. of SIGMOD, p. 623 (2002)

. Chen, J., et al.: NiagaraCQ: A Scalable Continuous Query System for Internet Databases. In:

Proc. of SIGMOD, pp. 379-390 (2000)

The STREAM group: STREAM: The Stanford Stream Data Manager. IEEE Data Engineer-
ing Bulletin, vol. 26(1), pp. 19-26 (2003)

Chandrasekaran, S., et al.: TelegraphCQ: Continuous Dataflow Processing for an Uncertain
World. In: Proc. of CIDR, pp. 269-280 (2003)

Zhang, R., et al.: Multiple Aggregations Over Data Streams. In: Proc. of SIGMOD, pp. 299—
310 (2005)

Yin, X., Pedersen, T.B.: What can Hierarchies do for Data Streams. Technical Report TR-12
(2005) (Current as of May 8, 2006) http: //www.cs.auc.dk/DBTR

Spoftord, G.: MDX Solutions. Wiley, New York (2001)

Tucker, P.A., Maier, D., Sheard, T.: Applying Punctuation Schemes to Queries Over Contin-
uous Data Streams. IEEE Data. Engineering Bulletin 26(1), 33—40 (2003)

Intel Berkeley Research lab: Intel lab data (2004)
berkeley.intel-research.net/labdata



Leveraging Distributed Publish/Subscribe
Systems for Scalable Stream Query Processing

Yongluan Zhou, Kian-Lee Tan, and Feng Yu
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Abstract. Existing distributed publish/subscribe systems (DPSS) offer
loosely coupled and easy to deploy content-based stream delivery services
to a large number of users. However, the lack of query expressiveness lim-
its their application scope. On the other hand, distributed stream pro-
cessing engines (DSPE) provide efficient processing services for complex
stream queries. Nevertheless, these systems are typically tightly coupled,
platform dependent, difficult to deploy and maintain, and less scalable
to the number of users. In this paper, we propose a new architectural de-
sign for a scalable distributed stream processing system, which provides
services to evaluate continuous queries for a large number of clients. It
is built by placing a query layer on top of a DPSS architecture. In par-
ticular, we focus on solving the query distribution problem in the query
layer.

1 Introduction

Emerging monitoring applications, such as financial monitoring, sensor network
monitoring, network management etc., have fueled much research interest in de-
signing distributed publish/subscribe systems (DPSS) [I/5I10] and distributed
stream processing engines (DSPE) I7ITTIT3IT7]. DPSS, which is mostly devel-
oped by the networking community, aims at providing scalable content-based
stream delivery service to a large number of users. It can be applied in applica-
tions such as stock/sports tickers, news feed etc. Such systems adopt a loosely
coupled architecture and hence are easy to deploy. In such an architecture, data
sources continuously publish data to the network without specifying the desti-
nations. Hence the destinations are independent of the data sources. Instead,
the distributed brokers will cooperatively route the data to the interested users
based on the data content. In summary, DPSSs are efficient in content-based
data delivery to a vast number of users.

On the other hand, existing DSPEs, which are mainly built by the data man-
agement community, are targeted at supporting complex continuous queries over
data streams. Example applications include network management, sensor net-
work monitoring etc. In these applications, the number of users is relatively
smaller and the queries are much more complex than those of the DPSS ap-
plications (e.g., user queries are specified in SQL-like statements). Moreover, in
DSPEs, the processors are coupled more tightly to enhance the processing effi-
ciency. Query operators are allocated to the distributed processors to optimize

C. Bussler et al. (Eds.): BIRTE 2006, LNCS 4365, pp. 20-33] 2007.
© Springer-Verlag Berlin Heidelberg 2007
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the system performance. Each processor evaluates the local operators and for-
ward the results to the downstream processors or the end users. In short, DSPEs
are efficient in complex stream query evaluations.

The above two types of systems target different application scenarios and
hence adopt different architectures. However, there are emerging applications
(e.g., finanacial market monitoring) that require the strengths of both systems.
http://www.traderbot.com illustrates an example of such applications. It pro-
vides continuous query processing services over real time data such as stock
trades, financial news etc. This kind of service has a potentially large number of
users and hence the DPSS architecture is desirable to scale up the data delivery
service. However, the user queries require a query interface with much more fea-
tures than that can be provided by a DPSS. On the other hand, existing DSPEs
are not scalable to the large user number of these applications.

In this paper, we propose a new architectural design to bridge the gap be-
tween these two types of systems and to leverage their strengths. To handle both
the streaming data and streaming queries, the system adopts a two-layered ar-
chitecture. The data layer resembles the DPSS architecture and is responsible
for disseminating source data streams among the processors as well as the re-
sult streams to the users. The query layer distributes the streaming queries to
a number of distributed nodes for processing. The goal of query distribution is
to achieve load balance and minimum communication cost. We model the prob-
lem as a graph partitioning problem and develop an efficient query distribution
algorithm. Our performance study shows the efficiency of our techniques.

The rest of the paper is organized as follows. Section 2 presents the model and
the challenges of the system. Sections Bl and [ present the query distribution
techniques. Representative experimental results are also presented in Section Hl
Section [ concludes the paper.

2 System Model and Challenges

Figure[llshows the overview of our scalable distributed stream processing system,
COSMOS (COoperative and Self-tuning Management Of Streaming data). The
service is backed by a number of distributed processors interconnected with a
widely distributed overlay network. These processors may be under independent
administrations and may join or leave the system anytime. A number of data
sources continuously publish their data to the network through the processors.
User queries submitted to the system are specified in high level SQL-like language
statements. For simplicity, we only consider continuous queries and assume they
do not involve stored tables.

There are two major challenges in the system: data stream delivery and query
processing. Two layers of services, the data layer and query layer, are provided
to address these two problems respectively. Figure 2] shows the architecture of
a processor in the system. The delivery of both the raw streams and the result
streams, is handled by the data layer module. The raw streams received by the
data layer module will be transformed and cleaned by the data cleaner and then
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Fig. 1. Overview of COSMOS

pushed to the stream processing engine (SPE) for processing. Existing single site
SPE such as TelegraphCQ [6], STREAM [I5] and Aurora [4], can be adopted
in our system. The following subsections present more details and identify the
challenges in both layers.

2.1 Data Layer

Given the user queries, the system should route the source data streams to the
processors to feed the queries and deliver the result streams to the users. Existing
DPSS architecture is employed to support this service. DPSS provides a scalable
content-based stream delivery service. The service is backed by a number of
brokers, which are organized into multiple dissemination trees. Data sources can
just push their data into the network through their root brokers without the
need to specify the destinations. Data destinations are identified by their data
interest, which is specified by their profiles. A profile typically contains a set of
predicates over the attributes of the data. Upon receiving a data item, a broker
checks if its neighboring brokers or its local users are interested in the data item
and only forwards it to those interested parties.

The data layer module of a processor in COSMOS plays the role of the brokers
in the DPSS architecture. The data interest profiles used by this module is
extracted from the local user queries by the query management module. More
specifically, the selection predicates of each query are extracted and used to
compose the profile. :w

As for the data delivery scheme, we adopt a similar scheme as SemCast [10].
In this scheme, the data space is partitioned into multiple subspaces by dividing
each stream into multiple substreams. We denote the total set of substreams in
the system as SS = {ss1,552,...,55|55|}. Logically, the data interest of a node
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Fig. 2. Architecture of a processor

can be represented as a bit vector ¢ € {0,1}51 where |SS| is the total number
of substreams.

i) = 1 if substream ss; overlaps with the data interest of g,
7=0 otherwise.

When a tuple arrives, it is matched to a substream and then sent to those des-
tinations that are interested in the substream. Matching a tuple to a substream
is actually searching the subspace (the substream) that covers a specific point
(the tuple) in the data space. This can be solved by using existing techniques,
such as R*-tree [3].

To maximize the filtering efficiency, the data space partitioning strategy is
critical. In SemCast [I0], the authors proposed a semantic approach to partition
the stream spaces based on the user profiles. As a first cut, we simply adopt this
approach. As the focus of this paper is on the design of the query layer, we shall
not discuss the data layer any further.

2.2 Query Layer

COSMOS is designed to support a large number of clients. Therefore, we have to
distribute a large number of queries to the processors for processing. To enhance
the processing efficiency, two objectives have to be considered. (1) To achieve
maximum system utilization and minimum processing latencies, load balancing
among the processors is desirable. (2) Due to the large volumes and continuity
of streaming data, minimizing the communication cost in the system is also very
important.

Unfortunately, typical DPSS does not consider load balancing and simply
allocate user queries to the closest brokers. The DSPEs proposed in [I3/17] em-
ployed load balancing techniques for a cluster of locally distributed processors,
but they did not consider the communication cost. Thus, they are not suitable
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for a widely distributed network. On the other hand, in [2JTT], optimization al-
gorithms were proposed to distribute the query operators across a set of widely
distributed processors to minimize the communication cost. The processors are
assumed to employ the same processing model and data model. However, these
techniques failed to address the load balancing problem. Hence, they are suited
for applications where the system is under a central administration and there
are only a relatively smaller number of complex queries to process. [I4] studied
the static operator placement problem in a hierarchical stream acquisition ar-
chitecture, which cannot be applied in our architecture. Load balancing is also
ignored in this piece of work.

In this paper, we opt to distribute queries to processors instead of operators.
In other words, we adopt a query level load distribution scheme (instead of an
operator level scheme). Several reasons prompted this design decision. First, it
is simpler (than an operator-based scheme) and practical. As nodes in a DPSS
architecture may be under independent administrations, they may install dif-
ferent stream processing engines or different versions of the same engine. Hence
distributing query load at the operator level may be infeasible. For instance,
moving a window join operator from the STREAM system to a TelegrahCQ sys-
tem is hard to implement, because it relies on a special data structure “synopsis”
implemented in STREAM which is not only manipulated by the join operator
itself but also other operators before or after the join operator. Furthermore,
even if the processors use the same engine, one may upgrade its engine without
informing the others. This might also give rise to problems unless forward and
backward compatibility is implemented. Second, operator level load distribution
may tighten the coupling of the processors. Besides adopting the same processing
model and data model, the processors may also have to synchronize with each
other during the processing of a query. Third, distributing at the operator level
would be too complex to be scalable to a large number of query streams.

In addition, our query-level distribution scheme is essentially non-intrusive -
existing single site processing engines can fit into our system without much extra
software (re)development.

There are two problems to be addressed: (1) How to scale up the query distri-
bution algorithm to a large number of user queries. (2) How to distribute queries
to achieve the objectives mentioned above. These two problems are addressed in
the following sections respectively.

3 Coordinator Network Construction

To enhance the scalability of the query distribution algorithm, we deploy a num-
ber of coordinators to perform this task. Among the processors in our system, we
select a few of them as coordinators. Each such processor performs two separate
logical roles: the stream processor and the coordinator, while others perform
only the stream processor role. We assume that separate resources of these pro-
cessors are reserved for these two roles. Hereafter, the words “processor” and
“coordinator” refer to the logical roles.
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To scale to fast streaming rate of queries, we organize the coordinators into
a hierarchical structure. An example of this structure is illustrated in Figure Bl
All the processors are clustered into multiple close-by (in terms of communica-
tion latency) clusters. Within each cluster, a processor, say z, is elected as the
parent of the cluster, which is responsible for distributing queries to processors
within this cluster. In this way, x only has to maintain the information of the
processors in its cluster (e.g., statistics of the queries running in the processors
etc.). For example, in the bottom plane of Figure[3] the processors are organized
into three clusters, and one coordinator (drawn in gray) is selected within each
cluster. The coordinators are also clustered level by level in a similar way. An
interior coordinator manages a set of close-by coordinators (its children) and is
responsible for distributing the queries to them for further distribution. It has to
maintain a larger scope of information which is the total scope of its children. To
enhance the scalability, the information in the parent is much coarser than those
in the children (Section H]). Queries are first submitted to the root coordinator
and then are distributed down one level at a time until a processor is reached.

4 Query Distribution

In this section, we present how queries are distributed to the processors. We try
to achieve two goals:

— Balance the load among the processors. In this paper, we only focus on
the CPU load. We assume the relative computational capability (the CPU
speed) of each processor is known. For example, we can set the capability
of one processor as the basic capability and associate it with a value 1. If a
processor is [ times more powerful than this basic processor, its capability is
valued as [. Furthermore, the load of a query is estimated as the CPU time
that the query will consume per unit time in the basic processor. Hence if
the total query load is L and the total capability of the processors is C, the
desirable load that should be allocated to a processor with capability value
lisl- L.

— Minimize the total communication cost. The communication cost can be
divided into two parts: (1) transferring source streams from the sources to
the processors; (2) transferring query results from the processors to the users.
Following existing work [2ITT], we use the weighted unit-time communication
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cost, i.e. the per unit time message transfer rate of each link times the transfer
latency of the link, to measure the communication effciency. Here, we use
the transfer latency to estimate the distance between two processors.

To minimize this cost, there are two issues to be addressed. First, the total
message rate in the system should be minimized. Hence, for each tuple that
has to be disseminated, it is desirable to disseminate it to as few processors as
possible. That means we should minimize the overlap of the data interest of the
processors. Second, we should avoid transferring data through links with long
distances as far as possible. This suggests we should maintain data flow local-
ity. For example, if a few queries have very large overlap in their data interest,
distributing them to a few nearby processors can achieve better data flow lo-
cality than distributing them to a few faraway nodes as the nearby processors
can cooperatively disseminate the data that are of interests to them.

To achieve the above two goals, we dynamically partition the queries into N
partitions, where N is the total number of processors, and allocate them to the
processors. The scheme balances the load among the processors while minimizes
the overlap of the data interest between the partitions and maintains the data
flow locality.

4.1 Problem Modeling

4.1.1 Simple Approach

To solve the problem, we model it as a graph partitioning problem. More specifi-
cally, we construct a query graph as follows. Each vertex in the graph represents
a query and there is one edge between every two vertices that have overlap
in their data interest. Each edge is weighted with the estimated arrival rate
(bytes/second) of the data of interest to both end vertices (queries). The weight
of a vertex is equal to the estimated load that would be incurred by the query
at the processor with the basic capacity. These weights can be estimated based
on previously collected statistics and may be re-estimated at runtime based on
the new statistics. By doing so, we can model the query distribution problem as
a graph partitioning problem:

Given a graph G = (V, E) and the weights on the vertices and edges, partition
V into N disjoint partitions such that each partition has a specified amount
of vertexr weights and the weighted edge cut, i.e. the total weight of the edges
connecting vertices in different partitions, is minimized.

Figure [£]] illustrates an example query graph that comprises 5 queries. The
weights of the vertices and edges are drawn around them. If, for example, we have
to allocate the queries to two processors, we can consider two plans: (a) allocate
Q@3 and Q4 to one processor and the rest to another; (b) allocate @3 and Q5 to
one processor and the others to another. Both the two plans can achieve load
balance. However, plan (b) has a better communication efficiency, where only 3
(bytes/second) of data are transferred twice, while in plan (a) 8 (bytes/second)
of duplicate data are transferred. Note that only considering allocating similar
queries together may not result in good performance. As can be seen from this
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Fig. 4. A simple query graph model

example, @3 and @5 are not similar in their data interest but allocating them
together results in a better scheme.

4.1.2 Extended Approach

The above simple model, unfortunately, does not capture the cost of transmitting
the result streams to the users. To solve this problem, we extend the above model
as follows.

First, we adopt the same assumption as a DPSS that a user is allocated to his
closest processor when he joins the system in the first place. The user and the
processor are said to be local to each other. Since the result stream of a query
is routed to the user by the DPSS architecture of the data layer, it will be first
routed to the user’s local processors and then to the user. Therefore, the cost of
transferring the query result from the processor to its local users are unavoidable.

Second, for each processor, we add one additional vertex into the query graph.
We refer to such additional vertices as processor vertices. The weights of these ver-
tices are set to zero. One edge is also added between each processor and each of its
local queries (i.e., queries initiated from the processor). Each such edge is weighted
by the estimated result stream rate (bytes/second) of the corresponding query.

Third, the graph partitioning problem statement is revised as follows: Given
a graph G = (V, E) and the weights on the vertices and edges, partition V' into
N disjoint partitions such that each partition has exactly one processor vertex
and a specified amount of vertex weights and the weighted edge cut is minimized.
All queries within a partition are allocated to the processor in that partition.

Figure [A1] illustrates an extended query graph. In comparison to Figure 1]
there are two additional processor vertices, which are drawn in rectangles, and
five additional edges between them and their local queries. Here, contrary to the
prior conclusion, allocating Q3 and Q4 to P, and the rest to P, is a better plan.

4.1.3 Challenges

The graph partitioning problem is an NP-hard problem but has been extensively
studied in a lot of application areas, such as parallel scientific computing, VLSI
design ete. [12] provides a survey of the graph partitioning algorithms in the
application of scientific computing. To enhance the scalability, parallel
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Fig. 5. An extended query graph model

algorithms have also been proposed [RII6]. Unfortunately, the problem in our
context bears a few important differences from these previous studies:

(a) The semantics of the graph is different. In our problem, the edges between
the query vertices represent the overlap relationship of the data interest among
different queries, while, in prior work, they model the amount of communication
between the vertices. Furthermore, there is no notion of processor vertices in
prior work.

(b) Traditional graph partitioning algorithms do not consider how to assign
the resulting partitions to the processors. That is because processors are all con-
nected by fast local network and identical in terms of network locations. How-
ever, in a widely distributed network, maintaining data flow locality is critical
to minimizing communication cost.

(¢) To enhance the scalability of the partitioning algorithm, a distributed or
parallel algorithm is needed. In prior work, processors are assumed to be con-
nected by a fast local network [I2]. Hence they employ parallel algorithms that
require frequent communication between the processors. However, our system
is a widely distributed large scale system and the communication cost among
even the coordinators could be very high. Hence the existing parallel algorithm
is unsuitable for our problem.

The above differences render the existing solutions inadequate for our problem.

4.2 Proposed Approach

In this section, we present the proposed solution. Unlike the previously proposed
parallel algorithms, which allow frequent communication between any pair of
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Algorithm 1. Graph Coarsening

1 while |V| > ez do
2 Set all the vertices as unmatched;
3 while 3 unmatched vertices & |V| > vmaa do
4 Randomly select an unmatched vertex u;
5 A — adj(u) — mat(adj(u)) ;
6 if pro(u) then A — A — {v|v € adj(u) & pro(v) & v.tag! = u.tag};
7 Select a vertex v from A such that the edge e(u,v) is of the maximum
weight;
8 Collapse u and v into a new vertex w;
9 Set w as matched;
10 w.weight «— u.weight + v.weight;
11 Re-estimate the weights of the edges connected to w;
12 if pro(u) OR pro(v) then
13 pro(w) « true;
14 w.tag = pro(u)?u.tag : v.tag;

coordinators, we employ a hierarchical graph partitioning algorithm that is run
on our hierarchical coordinator tree. Each leaf coordinator first collects the query
specifications from its child processors. These queries are tagged with their orig-
inal locations. A query graph is then generated over the queries in each leaf
coordinator. The edge weight between a pair of vertices can be efficiently es-
timated by summing up the rates of the substreams of interest to both end
vertices. The common interest of two queries can be determined easily based on
their data interest vectors (Section 21I).

Each coordinator (except the root) will perform Algorithm [I] to coarsen its
local query graph before submitting to the parent. This algorithm repeatedly
collapses two selected vertices until the number of vertices are smaller than or
equal to Vymqer. The weights of the corresponding edges and the merged vertex
are adjusted accordingly. We set v,,q0 as |[V|/ f, where |V is the total number of
vertices and f is the fanout of the parent coordinator. For ease of presentation,
we define the following functions:

(1) adj(u) returns the set of adjacent nodes of u;
(2) pro(u) returns true if u is a processor vertex;
(3) matched(A) returns all the matched vertices from a set of vertices A.

In the algorithm, a vertex u tends to collapse with a neighbor v which has an
edge e(u,v) with a larger weight. Two processor vertices with different tags will
not be merged together. That is because they belong to different child clusters
and hence they should be put into different partitions and allocated to different
clusters of processors.

The vertices in the coarsened graph are tagged with the current coordinator’s
name and then the graph is submitted to the parent, who will perform the same
procedure after receiving all the coarsened graphs from its children. Note that
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the procedure can run in parallel in different subtrees, which can accelerate the
whole procedure.

Finally, when the root coordinator receives all the graphs from its children, it
will generate a global query graph and then partition it into f partitions, one for
each of its children. The partitioning is done based on the total computational
capabilities of the processors within the scope of each child. Here we can ap-
ply any of the traditional graph partitioning algorithms [I2] while ensuring the
constraint that two processor vertices with different tags cannot be put into the
same partition. In our experiments, we use the algorithm in [9]. Each child co-
ordinator will then uncoarsen the subgraph assigned to it one level back. Based
on the tags of the vertices, the information of the finer-grained vertices can be
retrieved from the corresponding coordinator. Finally, the uncoarsened graph is
partitioned as in the root coordinator. This procedure repeats at each level until
all the queries are assigned to the processors.

We can see that, at each level of the above procedure, the queries are dis-
tributed to minimize the overlap of data interest between different regions of the
network. Furthermore, the higher the result stream rate of a query, the more
likely that the query is put close to its local processor. These help maintain data
flow locality.

4.3 Experiments

In this section, we present a performance study of the proposed techniques.
A network topology with 4096 nodes is generated using the GT-ITM topology
generator. The Transit-Stub model, which resembles the internet structure, is
used. Among these nodes, 100 nodes are chosen as the data stream sources, and
256 nodes are selected as the stream processors, and the remaining nodes act
as the routers. Our algorithms are implemented in C and the communication
between the processors is simulated. The experiments are run on a Linux Server
with an Intel 2.8GHz CPU.

The default cluster size parameter k used in the coordinator tree construction
is set to 4. All the streams are partitioned into 20,000 substreams and they are
randomly distributed to the sources. The arrival rate of each substream is ran-
domly chosen from 1 to 10 (bytes/seconds). As it is hard to collect large number
of real query workload, we use synthetic query workload in our experiments. To
simulate clustering effect of user behaviors, g = 20 groups of user queries are
generated and each group has different data hot spots. For the queries within
every group, the probability that a substream is selected conforms to a zipfian
distribution with # = 0.8. To model different groups having different hot spots,
we generate g number of random permutations of the substreams.

We compare our approach with three other approaches: (a) Naive: allocate
the queries to the processors to balance the load without considering their data
interest. (b) Greedy: an expected load limit is computed for each processor. If
the capability value of a processor is [, then the expected load limit to it is
(I+a)-l- é (Recall Section M), where a is a tunable parameter to ensure all the
queries can be accommodated. Then queries are distributed one by one to the
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Fig. 6. Initial Distribution

processors. Each query is distributed such that the current communication cost
is minimized and the load limit of each processor is not violated. (¢) Centralized:
all queries are collected to a centralized node and distributed using a centralized
graph partitioning algorithm. We use unit-time communication cost - the per
unit time message transfer rate of each link times the transfer latency of this link,
as the metric to evaluate the query distribution schemes. Figure presents
the unit-time communication cost of all the four approaches. It can be seen
that Naive performs the worst because it cannot identify the data interest of the
queries and optimize their locations. Greedy works a lot better by taking the data
interest of queries into account. The two graph partitioning algorithms perform
the best and their performances are similar. This also verifies that the graph
coarsening procedure in our hierarchical partitioning algorithm does not incur
much errors. We also report the response time and total time of the centralized
and hierarchical graph partitioning algorithms in Figure It is shown that
both the response time and total time of the hierarchical approach are much
less than the centralized one. The hierarchical approach has shorter response
time because the coordinators in different branches can work in parallel. To
understand why the hierarchical approach also performs better in total time,
let us look at an example query graph with n nodes. The complexity of graph
partitioning is k - n?, where k is a constant. Hence if, for example, we partition
the graph into 2 sub-graphs with sizes of n; and ns and process them separately,
then the complexity is k - (n? +n3) < k-n?. Since in the hierarchical algorithm,
an interior coordinator partitions the query graph into subgraphs and passes
them to the child nodes for further partitioning, the total time is also reduced
in comparison to the centralized approach.

5 Conclusion and Future Work

In this paper, we propose a new architectural design to leverage the strength
of distributed publish/subscribe systems to support scalable continuous query
processing over data streams. This architecture retains the loose coupling and
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easy to deploy merits of a DPSS, while obtaining the processing capabilities of a
DSPE. To handle both the query stream and data stream, two layers of services,
query layer and data layer, are provided, respectively, by two functional modules.
Solutions are proposed to solve the load distribution in the new architecture and
performance study are performed to shows their effectiveness. Based on the
current results, there are a few directions that we will explore.

Adaptive Query Distribution

The proposed approach in this paper only considers static query distribution.
However, in a continuous query context, the system parameters such as data
rates, communication bandwidth, workload of the processors, the running user
queries etc., are subject to changes in the midst of the query execution. Hence
the initial distribution of queries may become suboptimal and an re-optimization
is required. The simplest way to perform re-optimization is to re-run our query
distribution algorithm from scratch. However, this may incur large overheads in
both running the optimization algorithm and migrating the states of the queries.
An adaptive algorithm that can minimize the number of query migration as well
as optimizing the query distribution quality.

Heterogeneity of Query Engines

Since COSMOS allows different processors employ different query engines, it is
possible that a processor can only process certain types of queries and different
processors may have different query interfaces and different query semantics.
Hence a query wrapper is required to be plugged into each processor to translate
the query between the universal query language and the local query language.
Furthermore, a user query may not be able to be executed at any processor.
Therefore, query distribution algorithm that is aware of this kind of constraints
is required.

Computation Sharing

By adopting the DPSS architecture and optimizing the query distribution, COS-
MOS minimizes the communication cost by exploiting the sharing of the com-
munication among different queries. We can achieve better system performance
by exploiting the opportunities to share the computations among the queries. A
processor can publish the intermediate result streams to the system and other
processors can subscribe to it if their running queries have similar operations.

Fault Tolerance

Fault tolerance is an important feature for such a service oriented system. It
should be supported by both layers in the system with a different target. The
fault tolerance module at the data layer is targeted at providing highly available
data delivery service while the one at the query layer is aimed to provide highly
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available query processing service. Different techniques should be developed for
these two layers respectively.

To date, we have implemented the proposed algorithms in this paper. We are
now trying to incorporate various stream processing engines and then plan to
deploy it onto real network environment.
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Abstract. With the increasing popularity of operational data warehousing, the
ability to load data quickly and continuously into an RDBMS is becoming more
and more important. However, in the presence of materialized join views,
loading data concurrently into multiple base relations of the same materialized
join view can cause a severe deadlock problem. To solve this problem, we
propose reordering the data to be loaded so that at any time, for any
materialized join view, data is only loaded into one of its base relations. Also,
for load transactions on the relations that contain “aggregate” attributes, we
propose using pre-aggregation to reduce the number of SQL statements in the
load transactions. The advantages of our methods are demonstrated through
experiments with a commercial parallel RDBMS.

1 Introduction

Today’s business market is becoming more and more versatile and competitive. To
become and remain successful, an enterprise has to make real-time decisions about its
day-to-day operations in response to the fast changes happening all the time in the
world [6]. As a result, enterprises are starting to use operational data warehouses to
provide fresher data and faster queries [4]. In an operational data warehouse, the
stored information is updated in real time or close to it. Also, materialized views are
used to speed query processing. This poses some technical challenges. In this paper,
we consider a challenge that arises in the context of continuous data loading in the

presence of materialized views.
operational
data warehouse
operational
data store

Fig. 1. Operational data warehouse architecture
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Figure 1 shows the architecture of a typical operational data warehouse [4] (Wal-
Mart’s data warehouse uses this architecture [22]). Clients store new data into
operational data stores in real time, where an operational data store is an OLTP
database, a message queue [3], or anything else that is suitable for an OLTP
workload. The purpose of these operational data stores is to acknowledge the clients’
input immediately while ensuring the durability of this data. As quickly as feasible,
this new data is transferred by continuous load utilities from operational data stores
into a centralized operational data warehouse, where it is typically managed by an
RDBMS. Then clients can query this operational data warehouse, which is the only
place that global information is available.

Note: The continuous load utilities are not used for arbitrary applications. Rather, they
are used to synchronize the centralized operational data warehouse with the
operational data stores. As a result, the state-of-the-art commercial continuous load
utilities (e.g., Oracle [16], Teradata [20]) have certain characteristics that are not valid
in some applications. We will describe these characteristics in Section 2.1 below.

For performance reasons, existing continuous load utilities often load data into the
RDBMS through multiple concurrent sessions. In the presence of materialized join
views, a deadlock problem can occur during immediate materialized join view
maintenance. This is because a materialized join view JV links together multiple base
relations. When a base relation used in the definition of JV is updated, in order to
maintain JV, all other base relations in its definition must be read. Hence, transactions
updating different base relations in the definition of JV can deadlock due to their lock
requests on these base relations.

A simple solution to the above deadlock problem is to do materialized join view
maintenance in a deferred manner rather than immediately. That is, an update is
inserted into the base relation as soon as possible; but the materialized join views that
refer to that base relation only see the update at some later time, when the
materialized join views are updated in a batch operation. Unfortunately, this makes
the materialized join views at least temporarily inconsistent with the base relations.
The resulting semantic uncertainty may not be acceptable to all applications. This
observation has been made elsewhere. For example, [11] emphasizes that consistency
is important for materialized views that are used to make real-time decisions. As
another example, in the TPC-R benchmark, maintaining materialized views
immediately with transactional consistency is a mandatory requirement [18],
presumably as a reflection of some real world application demands. As a third
example, as argued in [11], materialized views are like indexes. Since indexes are
always maintained immediately, immediate materialized view maintenance should
also be desirable in many cases.

The reader might wonder whether using a multi-version concurrency control
method can solve the above deadlock problem. In general, a multi-version
concurrency control method can avoid conflicts between a pure read transaction and a
write transaction (or a transaction that does both reads and writes) [2, 11]. However,
in our case, the immediate materialized join view maintenance transactions do both
reads and writes. As a result, a multi-version concurrency control method cannot
avoid the conflicts between these transactions [2, 11]. In fact, [11] proposed a multi-
version concurrency control method to avoid conflicts between pure read transactions
on materialized join views and immediate materialized join view maintenance
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transactions. For this reason, in this paper, we do not discuss pure read transactions on
materialized join views.

To solve the deadlock problem without sacrificing consistency between the
materialized join views and the base relations, we propose reordering the data to be
loaded so that at any time, for any materialized join view JV, data is only loaded into
one of its base relations. (As we describe in Section 2.3, in the context of continuous
load operations, standard partitioning techniques can be used to guarantee that there
are no deadlocks among transactions updating the same base relation. Also, as we
describe in Sections 2.1 and 2.3, reordering is allowed in the state-of-the-art
continuous load utilities.)

Reordering transactions may cause slight delays in the processing of load
transactions that have been moved later in the load schedule. On balance, these delays
will be offset by the corresponding transactions that were moved earlier in the
schedule to take the place of these delayed transactions. For some applications, this
reordering is preferable to the inconsistencies that result from deferred materialized
view maintenance. These are the target applications for our reordering technique.

Reordering transactions is not a new idea. For example, [15] proposed reordering
queries to improve the buffer pool hit ratio. Also, in practice, some data warehouse
users reorder transactions themselves in their applications to avoid contention among
the transactions [5]. However, to our knowledge the published literature has not
considered an automatic, general purpose transaction reordering method that attempts
to reduce deadlocks in continuous data loading applications.

In addition to reordering transactions, we propose a second method to improve the
efficiency of continuous data loading. For relations with attributes representing
aggregate information (e.g., quantity, amount), we use pre-aggregation to reduce the
number of SQL statements in the load transactions. In our experiments, we observed
that pre-aggregation can greatly increase the continuous data loading speed.

Of course, the techniques proposed in this paper do not solve all the problems
encountered in continuous data loading in the presence of materialized views. Other
problems exist, e.g., concurrency control conflicts on materialized views [11, 12],
excessive resource usage during materialized view maintenance [13]. However, we
believe our techniques form one part of the solution that is required for continuous
data loading in the presence of materialized views.

The rest of this paper is organized as follows. In Section 2, we provide some
background for continuous data loading. In Section 3, we explore the deadlock
problem with existing continuous load utilities in the presence of materialized join
views, and show how this problem can be avoided using the reordering method. In
Section 4, we explore the use of pre-aggregation to reduce the number of SQL
statements in the load transactions. Section 5 investigates the performance of our
method through an evaluation in a commercial parallel RDBMS. We conclude in
Section 6.

2 Continuous Data Loading

Since loading data into a database is a general requirement of database applications,
most commercial RDBMS vendors provide load utilities, each of which have
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(somewhat) different functionality. Some are continuous load utilities, while others only
support batch bulk load. The functionality of certain load utilities can be implemented
by applications. However, since a large number of applications need such functionality,
RDBMS vendors typically provide this functionality as a package for application
developers to use directly. In the rest of this paper, we do not differentiate between the
load utilities provided by the RDBMS vendors and the applications written by the
application developers that provide data loading functionality. We refer to both of them
as load utilities, and our discussion holds for both.

In this section, we describe how existing continuous load utilities typically work
(minor differences in implementation details will not influence our general discussion).

2.1 Workload Specification

Figure 2 shows a typical architecture for loading data continuously into an RDBMS
[19, 20]. Data comes from multiple data sources (files, OLTP databases, message
queues, pipes, etc.) in the form of modification operations (insert, delete, or update).
Then a continuous load utility loads the data into the RDBMS using update
transactions. Each update transaction contains one or more modification operations.

| RDBMS |

11111

continuous load utility |

Tt 1

data data data
source | |source| [source

Fig. 2. Continuous data loading architecture

As is the case in data stream applications, the system has no control over the order in
which modification operations arrive [1]. To decide which transformations are valid on
the stream of load transactions, we discuss the semantics of continuous data loading.
The state-of-the-art two popular commercial continuous load utilities (Oracle [16],
Teradata [20]) make the following assumptions for continuous data loading:

(a) The RDBMS is running with standard ACID properties for transactions. The
continuous load utility looks to the RDBMS like a series of transactions, each
containing a single modification operation (insert, delete, or update) on a single
relation. Hence, load transactions submitted by continuous load utilities will not
cause inconsistency for transactions submitted by other applications.

(b) The RDBMS neither imposes nor assumes any particular order for these load
transactions — indeed, their order is determined by the (potentially multiple)
external systems "feeding" the load process. Hence, the load process is free to
arbitrarily reorder these transactions.

(c) The RDBMS has no requirement on whether multiple modification operations
can or cannot commit/abort together. Hence, for efficiency purposes, the load
process is free to arbitrarily group these single-modification-operation
transactions.
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In this paper, we make the same assumptions. Hence, in our techniques, we can do
reordering and grouping arbitrarily.

The alert reader may notice that arbitrary reordering can cause certain anomalies.
For example, such an anomaly arises if the deletion of a tuple ¢ is moved before the
updating of tuple ¢. In practice, some applications tolerate such anomalies [5]. In other
cases, the application ensures that the order in which modification operations arrive at
the continuous load utility will not allow such anomalies [5]. For example, before the
continuous load utility acknowledges the completion of updating tuple ¢, the operation
of deleting tuple ¢ is not submitted to the continuous load utility. In either case, the
continuous load utility does not need to worry about these anomalies.

In this paper, we make the further assumption that some locking mechanism is
used to provide concurrency control. More specifically, we assume that:

(a) The system uses strict two-phase locking.
(b) The system uses tuple-level locks. The extension to multiple-granularity locking
[9] is straightforward.

To increase concurrency, a continuous load utility typically opens multiple
sessions to the RDBMS (at any time, each session can have at most one running
transaction [10, page 320]). These sessions are usually maintained for a long time so
that they do not need to be re-established for each use. For efficiency, within a
transaction, all the SQL statements corresponding to modification operations are
usually pre-compiled into a stored procedure whose execution plan is stored in the
RDBMS. This not only reduces the network overhead (transmitting a stored
procedure requires a much smaller message than transmitting multiple SQL
statements) but also eliminates the overhead of repeatedly parsing and optimizing
SQL statements.

2.2 Grouping Modification Operations

Continuous load utilities usually combine multiple modification operations into a
single transaction rather than applying each modification operation in a separate
transaction [19, 20]. This is because of the per transaction overhead. Using a large
transaction can amortize this overhead over multiple modification operations. In the
rest of this paper, we refer to the number of modification operations that are combined
into a single transaction as the grouping factor.

2.3 The Partitioning Method

As mentioned in Section 2.1, to increase concurrency, a continuous load utility
typically opens multiple sessions to the RDBMS. In this section, we review the
standard approach used to avoid deadlock in continuous load operations in the
absence of materialized views.

Suppose the continuous load utility opens k >2 sessions S; (1<i<k) to the
RDBMS. If we randomly distribute the modification operations among the k sessions,
transactions from different sessions can easily deadlock on X lock requests on the
base relations. This is because these transactions may modify the same tuples
concurrently [20]. A simple solution to this deadlock problem is to partition
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(e.g., hash on some attribute) the tuples among different sessions so that modification
operations on the same tuple are always sent through the same session [20]. In this
way, the deadlock condition (transactions from different sessions modify the same
tuple) no longer exists and deadlocks will not occur. (Note: the partitioning method
may change the order that the tuples arrive at the RDBMS. However, as mentioned in
Section 2.1, such reordering is allowed in existing continuous load utilities.)

3 The Reordering Method

In this section, we consider the general case in which materialized views are
maintained in the RDBMS, and show that in this case the partitioning method of
Section 2.3 is not sufficient to avoid deadlocks. We focus on an important class of
materialized views called join views. In an extended relational algebra, by a join view

JV, we mean either an ordinary join view a1 o(R; <R, /<... 2<IR;,)) or an aggregate join

view Y O(R;P<IRy24...<IR;;))), where Yy is an aggregate operator. SQL allows the
aggregate operators COUNT, SUM, AVG, MIN, and MAX. However, because MIN
and MAX cannot be maintained incrementally (the problem is deletes [8]), we restrict
our attention to the three aggregate operators that make the most sense for
materialized aggregates: COUNT, SUM, and AVG.

3.1 Impact of Immediate Materialized View Maintenance

In continuous data loading, we allow data to be loaded into multiple base relations
concurrently. This is necessary if we want to keep the data in the RDBMS as up-to-
date as possible. However, if a join view is defined on multiple base relations,
deadlocks are likely to occur. This is because a join view JV links different base
relations. When a base relation of JV is updated, to maintain JV, all the other base
relations in the definition of JV are read. That is, the introduction of the join view
changes the update transactions into update-read transactions. These reads can
conflict with concurrent writes to the other base relations of JV. For example,
consider the following two base relations: A(a, ¢) and B(d, e¢). Suppose a join view

JV=Ar<B is defined on A and B, where the join condition is A.c=B.d. Consider the
following two modification operations:

(1) O;: Modify a tuple ¢; in base relation A whose c=v.
(2) O;: Modify a tuple ¢, in base relation B whose d=v.

These modification operations require the following tuple-level locks on base
relations A and B:

O;:  (L;;) A tuple-level X lock on A for tuple ¢;.
(L;2) Several tuple-level S locks on B for all the tuples in B whose d=v
(for join view maintenance purpose).
O,:  (Ly;) A tuple-level X lock on B for tuple t,.
(Ly) Several tuple-level S locks on A for all the tuples in A whose c=v.
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Suppose operation O; is executed by transaction 7; through session §;, while
operation O, is executed by transaction T, through session S,. If transactions 7; and 7,
request the locks in the order

Step 1: T; requests L;;.  Step 2: T, requests Ly;.
Step 3: T, requests L;;.  Step 4: T, requests L,.

a deadlock occurs. This is because L;; (Ly;) contains a tuple-level X (S) lock on A for
tuple t;. Also, L,; (L;;) contains a tuple-level X (S) lock on B for tuple f,.

Allowing dirty reads is a standard technique to improve the concurrency of read-
only queries. Since materialized join view maintenance has at its heart a join query, it
is natural to wonder if dirty reads can be used here. Unfortunately, in the context of
materialized view maintenance, allowing dirty reads is problematic. This is because
using dirty reads to maintain join views makes the results of these dirty reads
permanent in the join views [21]. Thus, although dirty reads would avoid the deadlock
problem, they cannot be used.

It is also natural to question whether some extension of the partitioning method
described in Section 2.3 can be used to avoid deadlocks in the presence of
materialized join views. In certain cases, the answer is yes. For example, suppose we
use the same partitioning function to partition the tuples of A and B among different
sessions according to the join attributes A.c and B.d, respectively. Then for immediate
materialized view maintenance, the deadlock problem will not occur. This is because
in this case, “conflicting” transactions are always submitted through the same session.
Also, at any time, one session can have at most one running transaction [10, page
320]. Unfortunately, in practice, such an appropriate partitioning method is not
always possible:

(1) In continuous data loading, modification operations on a base relation R usually
specify some (e.g., the primary key) but not all attribute values of R [20]. We can
only partition the tuples of base relation R among different sessions according to
(some of) those attributes whose values are specified by the modification
operations on R. This is because we use the same attributes to partition the
modification operations on base relation R among different sessions. Suppose
that base relation R is a base relation of a join view. Also, suppose the join
attribute of R is not one of those attributes whose values are specified by the
modification operations on R. Then we cannot partition the tuples of base relation
R among different sessions according to the join attribute of R.

(2) If multiple join views with different join attributes are defined on the same base
relation R, then it is impossible to partition the tuples of base relation R among
different sessions according to these join attributes simultaneously.

(3) If within the same join view (e.g., JV=A <R <B), a base relation R is joined with
multiple other base relations (e.g., A and B) on different join attributes, then it is
impossible to partition the tuples of base relation R among different sessions
according to these join attributes simultaneously.

3.2 Solution with Reordering

The deadlock problem occurs because we allow data to be concurrently loaded into
multiple base relations of the same join view. Hence, a natural question is if this were
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not allowed, would the deadlock problem still occur? Luckily, the answer is “no” if
we set the following rules:

(1) Rule 1: At any time, for any join view JV, data can only be loaded into one base
relation of JV.

(2) Rule 2: Modification operations (insert, delete, update) on the same base relation
use the partitioning method discussed in Section 2.3.

(3) Rule 3: The system uses a high concurrency locking protocol (e.g., the V locking
protocol [12], or the locking protocol in [11]) on join views so that lock conflicts
on the join views can be avoided.

The reason is as follows.

(1) Using rules 1 and 2, all deadlocks resulting from lock conflicts on the base
relations are avoided.

(2) Using rule 3, all deadlocks resulting from lock conflicts on the join views can be
avoided (e.g., in the V locking protocol [12], V locks are compatible with
themselves; in the locking protocol in [11], E locks are compatible with
themselves).

Since all possible deadlock conditions are eliminated, deadlocks no longer occur.

We now consider how to implement rules 1-3. It is easy to enforce rules 2 and 3.
To enforce rule 1, we can use the following reordering method to reorder the
modification operations. Recall in Section 2.1, the semantics of the workload allows
us to reorder modification operations arbitrarily. Consider a database with d base
relations R;, Ry, ..., and R, and e join views JV;, JV,, ..., and JV,. We keep an array J
that contains d elements J; (1<i<d). For each i (1<i<d), J; records the number of
transactions that modify base relation R; and are currently being executed. Each J;
(1<i<d) is initialized to zero. For each m (1<m<k ), we maintain a queue Q,,
recording transactions waiting to be run through session S,,. Each Q,, (1<m<k) is
initialized to empty. During grouping (see Section 2.2), we only combine
modification operations on the same base relation into a single transaction.

If base relations R; and R; (1<i,j<d, i+ j) are base relations of the same join
view, we say that R; and R; conflict with each other. Two transactions modifying
conflicting base relations are said to conflict with each other. We call transaction T a
“desirable transaction” if it does not conflict with any currently running transaction.
Consider a particular base relation R; (1<i<d ). Suppose Ry > R s - and R,

(w=0) are all the other base relations that conflict with base relation R;. At any time,
if either w=0 or all the y =¢ (1<u<w), then a transaction 7" modifying base

relation R; (1<i<d) is a desirable transaction.
We schedule transactions as follows:

(1) Action 1: For each session S,, (1<m <k ), as discussed in Section 2.2, whenever
the continuous load utility has collected n modification operations on a base
relation R; (1<i<d ), we combine these operations into a single transaction 7 and
insert transaction T to the end of Q,,. Here, n is the pre-defined grouping factor
that is specified by the user who sets up the continuous load utility. If session S,,
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is free, we try to schedule a transaction to the RDBMS for execution through
session S,,,.
(2) Action 2: When some transaction 7 modifying base relation R; (1<i < d ) finishes

execution and frees session S,, (1< m <k ), we do the following:

(a) We decrement J; by one.

(b) If Q,, is not empty, we schedule a transaction to the RDBMS for execution
through session S,,,.

(c) Suppose J; is decremented to zero (so that some waiting transaction possibly
becomes desirable). For each g (1< g <k, g #m), if session S, is free and Q,

is not empty, we try to schedule a transaction to the RDBMS for execution
through session .
(3) Action 3: Whenever we try to schedule a transaction to the RDBMS for

execution through session S, (1<m <k ), we do the following:

(a) We search Q,, sequentially until either a desirable transaction 7 is found or
all the transactions in Q,, have been scanned, whichever comes first.

(b) In the case that a desirable transaction 7 modifying base relation R;
(1<i<d) is found, we increment J; by one and send transaction T to the
RDBMS for execution.

The above discussion does not address starvation. There are several starvation
prevention techniques that can be integrated into the transaction reordering method.
We list one of them as follows. The idea is to use a special header transaction to
prevent the first transaction in any Q, from starvation (1< g < k). We keep a pointer r

whose value is always between O and k. 7 is initialized to 0. If every Q,, (1<m <k ) is
empty, r=0. At any time, if =0 and a transaction is inserted into some Q,, (1<m<k),
we set r=m. If r=m (1< m <k ) and the first transaction of Q,, leaves Q,, for execution,
r is incremented by one (if m=k, we set r=1). If Q, is empty, we keep incrementing r
until either Q, is not empty or we discover that every Q,, (1<m <k ) is empty. In the
later case, we set r=0. We make use of a pre-defined timestamp 7S determined by
application requirements. If pointer r has stayed at some v (1<v < k) longer than T,
the first transaction of Q, becomes the header transaction. Whenever we are searching
for a desirable transaction in some Q,, (1<m<k) and we find transaction 7, if the
header transaction exists, we ensure that either T is the header transaction or 7 does
not conflict with the header transaction. Otherwise transaction 7 is still not desirable
and we continue the search.

4 The Pre-aggregation Method

A large number of data warehouses have relations with certain attributes representing
aggregate information (e.g., quantity or amount). In many cases, updates to these
relations increment or decrement the aggregate attribute values [7]. As discussed in
Section 2.2, when we load data continuously into these relations, we combine
multiple modification operations into a single load transaction. This creates an
opportunity for optimization: by pre-aggregation, we can reduce the number of SQL
statements in the load transactions on these relations.
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For example, consider a relation R in the database whose R.b attribute represents
aggregate information. Suppose the following two modification operations O; and O,
are combined into a single load transaction T:

(1) Oy: update R set R.b=R.b+b; where R.a=v;
(2) O;: update R set R.b=R.b+b, where R.a=v;

If we let b;=b;+b,, then transaction 7 can be transformed into an equivalent
transaction 7 “that contains only a single SQL statement:

update R set R.b=R.b+b; where R.a=v;

Compared to transaction 7, transaction T~ saves one SQL statement. Hence,
transaction 7”is more efficient. The reason is that executing a SQL statement is much
more expensive than aggregating the two values b; and b, into a single value b;.

4.1 Algorithm Description

We call the above method the pre-aggregation method. The general pre-aggregation
method works in the following way. Consider a base relation R with one or multiple
“aggregate” attributes. Assume that in the grouping method discussed in Section 2.2,
all modification operations combined in a single transaction are on the same base
relation. For each load transaction on relation R, we do the following operations:

(1) Find all the modification operations that increment/decrement the “aggregate”
attribute values. Move these modification operations to the beginning of the
transaction (i.e., ahead of all the other modification operations). Suppose each
such modification operation can be represented as a pair <a, b>, where a denotes
the tuple (set of tuples) to be modified, and b denotes the amount that will be
added to (or subtracted from) the “aggregate” attribute value(s) of the tuple(s).

(2) Sort these modification operations so that modification operations on the same
tuple (set of tuples) are adjacent to each other.

(3) Among these modification operations, combine multiple adjacent modification
operations <a, b;>, <a, by>, ..., and <a, b,,> on the same tuple (set of tuples) into
a single modification operation <a, ¢>, where ¢=b;+by+...+b,,. In the extreme
case that ¢=0, the single modification operation <a, ¢> can be omitted.

The above procedure can be easily extended to handle the UPSERT/MERGE SQL
statement [17].
The pre-aggregation method has the following advantages:

(1) The processing load of the database engine is reduced.
(2) The transaction execution/response time is reduced. This may further improve
database concurrency, as the period that transactions hold locks is reduced.

These advantages come from the fact that pre-aggregation outside of the database
engine followed by executing fewer SQL statements inside the database engine is
more efficient than executing all the SQL statements inside the database engine.
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5 Performance Evaluation

In this section, we describe experiments that were performed on the commercial IBM
DB2 parallel RDBMS. Our measurements were performed with the database client
application and server running on an Intel x86 Family 6 Model 5 Stepping 3
workstation with four 400MHz processors, 1GB main memory, six 8GB disks, and
running the Microsoft Windows 2000 operating system. We allocated a processor and
a disk for each data server, so there were at most four data servers on each
workstation.

5.1 Experiment Description

The relations used for the tests model a real world scenario. Customers interact with a
retailer via phone/web to make a purchase. The purchase involves browsing available
merchandise items and possibly selecting an item to purchase. The following events
occur:

(1) Customer indicates desire for a specific item and event is recorded in the demand
relation.

(2) The inventory relation is checked for item availability.

(3) If the desired item is on hand, a customer order is placed and the inventory
relation is updated; otherwise a vendor order is placed.

The schemas of the demand and inventory relations are listed as follows:

demand (partkey, date, quantity, custkey, comment),
inventory (partkey, date, quantity, extended_cost, extended_price).

The underscore indicates the partitioning attributes. For each relation, we built an
index on the partitioning attribute(s). In our tests, each inventory tuple matches 4 demand
tuples on the attributes partkey and date. Also, different demand tuples have different
custkey values. In practice, there can be a large number of different parts. However, for
any given day, most transactions only focus on a small portion of them (the “active”
parts). In our testing, we assume that s parts are active today. We only consider today’s
transactions that are related to these active parts. We believe that our conclusion would
remain much the same if all transactions related to both active and inactive parts were
considered. This is because in this case, the number of deadlocks caused by the
transactions that are related to the active parts would remain much the same.

Table 1. Test data set

number of tuples total size
demand &M 910MB
inventory 2M 7TMB

Suppose that the demand and inventory relations are frequently queried for sales
forecasting, lost sales analysis, and assortment planning applications, so a join view
onhand_demand is built as the join result of demand and inventory on the join
attributes partkey and date:



Transaction Reordering and Grouping for Continuous Data Loading 45

create join view onhand_demand as select d.partkey, d.date, d.quantity, d.custkey,
i.quantity

from demand d, inventory i where d.partkey=i.partkey and d.date=i.date partitioned on
d.custkey;

There are two kinds of modification operations that we used for testing, both of
which are related to today’s activities:

(1) Oj: Insert one tuple (with today’s date) into the demand relation. This new tuple
matches 1 inventory tuple on the attributes partkey and date.

(2) O,: Update one tuple in the inventory relation with a specific partkey value and
today’s date.

We created an auxiliary relation for the demand relation that is partitioned on the
(partkey, date) attributes to change expensive all-node join operations for join view
maintenance to cheap single-node join operations [13].

We evaluated the performance of the reordering method and the naive method in
the following way:

(1) We tested the largest available hardware configuration with four data server
nodes.

(2) We executed a stream of modification operations. A fraction p of these
modification operations are O;. The other /-p of the modification operations are
0,. Each Oj inserts a tuple into the demand relation with a random partkey value.
Each O, updates a tuple in the inventory relation with a random partkey value.

(3) In both the reordering method and the naive method, we only combine
modification operations on the same base relation into a single transaction. Each
transaction has the same grouping factor .

(4) In the naive method, if a transaction deadlocked and aborted, we automatically
re-executed it until it committed.

(5) We performed a concurrency test. We fixed p=50% and the number of active
parts s=10,000. In both the reordering method and the naive method, we tested
four cases: k=2, k=4, k=8, and k=16, where k is the number of sessions. In each
case, we let the grouping factor n vary from 1 to 128.

5.2 Concurrency Test Results

The throughput (number of modification operations per second) is an important
performance metric of the continuous load utility. For the naive method, to see how
deadlocks influence its performance, we investigated the relationship between the
throughput and the deadlock probability.

By definition, when the deadlock probability becomes close to 1, almost every
transaction will deadlock. Deadlock has the following negative influences on
throughout:

(1) Deadlock detection/resolution is a time-consuming process. During this period,
the deadlocked transactions cannot make any progress.

(2) The deadlocked transactions will be aborted and re-executed. During re-
execution, these transactions may deadlock again. This wastes system resources.
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Hence, once the system starts to deadlock, the deadlock problem tends to become worse
and worse. Eventually, the throughput of the naive method deteriorates significantly.

We show the throughput of the naive method in Figure 3. For a given number of
sessions k, when the grouping factor n is small, the throughput of the naive method
keeps increasing with n. This is because executing a large transaction is more efficient
than executing a large number of small transactions, as discussed in Section 2.2. (In our
testing, the performance advantages of having a large grouping factor n are not very
large. This is mainly due to the fact that due to software restrictions, we could only run
the database client application and server on the same computer. In this case, the
overhead per transaction is fairly low. Amortizing such a small overhead with a large n
cannot bring much benefit.) When n becomes large enough, if the naive method does
not run into the deadlock problem, the throughput of the naive method approaches a
constant, where the system resources become fully utilized. The larger k:

(1) the higher concurrency in the RDBMS and the larger the constant.
(2) the easier it becomes to achieve full utilization of system resources and the
smaller 7 is needed for the throughput to achieve that constant.

When n becomes too large, the naive method runs into the deadlock problem. The
larger k, the smaller n is needed for the naive method to run into the deadlock
problem. Once the deadlock problem occurs, the throughput of the naive method
deteriorates significantly. Actually, it decreases as n increases. This is because the
larger n, the more transactions are aborted and re-executed due to deadlock.

60 60 4
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5 = 40 %
30 —a—k=2 50 30 —a—k=2
2 —— k=4 e —a— k=4
£ 20 —+—k=8 S 204 ——k=8
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n n

Fig. 3. Throughput of the naive method Fig. 4. Throughput of the reordering method
(concurrency test) (concurrency test)

For a given n, before the deadlock problem occurs, the throughput of the naive method
increases with k. This is because the larger k, the higher concurrency in the RDBMS.
However, when n is large enough (e.g., n=128) and the naive method runs into the
deadlock problem, due to the extreme overhead of repeated transaction abortion and re-
execution, the throughput of the naive method may decrease as k increases.

We show the throughput of the reordering method in Figure 4. The general trend of
the throughput of the reordering method is similar to that of the naive method (before
the deadlock problem occurs). That is, the throughput of the reordering method
increases with both n and k. For a given k, as n becomes large, the throughput of the
reordering method approaches a constant. However, the reordering method never
deadlocks. For a given k, the throughput of the reordering method keeps approaching
that constant no matter how large n is. Once the naive method runs into the deadlock
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problem, the reordering method exhibits great performance advantages over the naive
method, as the throughput of the naive method in this case deteriorates significantly.

In both the k=8 case and the k=16 case, when n becomes large enough, the
throughput of the reordering method approaches (almost) the same constant. This is
because in these two cases, all data server nodes (e.g., disk I/Os) become fully utilized.
In our testing, if we had a larger hardware configuration with more data server nodes,
the constant for the k=16 case would be larger than that for the k=8 case.

We show the ratio of the throughput of the reordering method to that of the naive
method in Figure 5. Before the naive method runs into the deadlock problem, the
throughput of the reordering method is smaller than that of the naive method. This is
because the reordering method has
some overhead in performing
400% | reordering and synchronization (i.e.,
100% Tk switching from executing one type of
- P transactions (say, transactions update-
200% ing the inventory relation) to
executing another type of transactions
(say, transactions updating the

\ \ \ demand relation)). However, such
! o 100 1000 overhead is not significant. In our
tests, the throughput of the reordering
method is never lower than 96% of
that of the naive method.

When the naive method runs into the deadlock problem, the throughput of the
reordering method does not drop while the throughput of the naive method is
significantly worse. In this case, the ratio of the throughput of the reordering method
to that of the naive method is greater than 1. For example, when n=32, for any k, this
ratio is at least 1.3. When n=64, for any &, this ratio is at least 1.6. In the extreme case
when k=16 and n=128, this ratio is 4.9. In general, when the naive method runs into
the deadlock problem, this ratio increases with both k and n. This is because the larger
k or n, the easier the transactions deadlock in the naive method. The extreme overhead
of repeated transaction abortion and re-execution exceeds the benefit of the higher
concurrency (efficiency) brought by a larger k (n). However, there are two exceptions.
When n=16 or n=32, the ratio curve for k=16 is below the ratio curve for k=8. This is
because in these two cases, for the reordering method, all data server nodes (e.g., disk
I/0s) become fully utilized and the throughput is almost independent of both k and .
By comparison, in the naive method, as there are not enough transaction aborts, the
throughput for the k=16 case is higher than that for the k=8 case.

Due to space constraints, we put the performance study of the pre-aggregation
method into the full version of this paper [14].

500% 4

throughput ratio

100%

0%

Fig. 5. Throughput improvement gained by the
reordering method (concurrency test)

6 Conclusion

This paper proposes two techniques to improve the efficiency of existing continuous
load utilities:
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In the presence of join views in an RDBMS, we reorder the data load operations
to avoid deadlocks.

We use pre-aggregation to reduce the number of SQL statements in the load
transactions.

Our experiments with a commercial system are promising, showing that these two
techniques can significantly improve throughput for certain workloads.
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Abstract. Massive collection of data at high rates is critical for many industries.
Typically, a massive stream of records is gathered from the business
information network at a very high rate. Because of the complexity of the
collection process, the classical database solution falls short. The high volume
and rate of records involved requires a heterogeneous pipeline comprised of two
major parts: a system that carries out massive collection and then uploads the
information to a database, and a subsequent data analysis and management
system consisting of an Extract Transform and Load component. We developed
a massive collection and loading system, based on a highly scalable
heterogeneous architecture solution. The solution has been applied successfully
for Telco revenue assurance, and can be applied to other industrial areas. The
solution was successful in scaling up a Telco client system to handle streams of
records ten times larger than was previously possible.

1 Introduction

For many of today’s industries, massive collection of data at high rates is critical. The
Telco industry is one such example, where the rate of network activity records may
generate up to a billion Call Detail Records (CDRs) per day. Systems that handle this
data must include mediation and billing system. However, enterprise data warehouses,
fraud control, business intelligence and revenue assurance systems are commonly
needed for a healthy business management. Typically, a massive stream of records,
which we term in general Event Detail Records (EDRs), is gathered from the business
information network at a very high rate. The records are collected, undergoing
validation, cleansing, normalization and other similar transformations, based on
business rules. The records are then uploaded to a database for further processing. While
this sounds like a common Extract Transform and Load (ETL) activity, the classical
database solution falls short. The high volume and rate of records involved requires a
heterogeneous pipeline comprised of two major parts: a system that carries out massive
collection and then uploads the information to a database, and a subsequent data
analysis and management system consisting of an ETL component. We developed a
massive collection and loading system, based on a highly scalable heterogeneous
architecture solution. The solution consists of a WebSphere Application Server cluster
(WAS 6[1], which is IBM's J2EE[5] enterprise middleware), and a highly parallel and
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scalable database using IBM's DB2[6] partitioned DBMS. The solution has been
applied successfully for Telco revenue assurance where events are CDRs. The solution
can be applied to other Telco problem areas, as well as control and assurance for
business information systems. The solution was applied at a client site where it was
successful in scaling up the system to handle streams of records ten times larger than
was previously possible without the collection system.

Call Detail Records (CDRs) in Telco are the events from which billing can be done
and revenues for the service provider can be generated. The switches which generates
these records are not standard and different vendors may use different formats and
packing for the data fields. Nevertheless, all switches share the same terminology and
their CDR fields share common semantics. For instance, A-number and B-number are
the caller and called phone numbers respectively, each switch has an ID that is unique
over the network, all CDRs operate within a single phone numbering system measure
time in the same way, and so forth.

Usually, a mediation system processes the CDRs as part of the billing process.
Revenue assurance systems parallel the mediation system and provide comparable
results by which further analysis will identify mismatches that are indicative of errors
causing revenue leakages. In the Telco industry, these revenue leakages have been
estimated as high as 6%.

1.1 The Massive Collection System (MCS)

We characterize massive collection systems by the amount and size of data they need
to process. The IBM Massive Collection System (MCS) was developed as part of a
multi-tier architecture, as illustrated in Fig 1.

Input records
1B/day = 1TB/day

WAS Cluster

Fig. 1. MCS multi-tier architecture

The MCS middle tier solves a very important problem by enabling the system to
scale in places where it previously inhibited the loading of data onto the database —
plainly due to the shear size and the pre-processing.

The heterogeneous solution depicted above relies on the ability of the WebSphere
Application Server (WAS) middleware — IBM’s J2EE implementation — to support a
very high level of scalability while providing high availability, recoverability and full
transaction support. When working on a cluster spread over several hardware
platforms (machines), the system also provides failover support to recover from
crashes of single machines.
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The IBM MCS system is a J2EE application written in Java. The entire system was
developed using IBM Rational Software Architect, which is an IBM Integrated
Development Environment for WAS applications in Java, based on the Eclipse
platform. The Eclipse Modeling Framework (EMF) was used to model a specific
domain language, which we discuss only briefly.

In this paper, we provide a short description of the technological tools that make up
our system, including the J2EE and RDBMS platforms. We continue with a
description of the MCS solution and its deployment on these platforms. We conclude
with some results obtained in a limited early deployment.

2 Technology Background

2.1 WebSphere Application Server Cluster Middleware

MCS uses the WebSphere 6.0 Workload Management (WLM) feature to improve the
application’s performance, scalability, and reliability. It accomplishes this by
providing failover when servers are not available.

Messaging: WAS includes a messaging integration bus (SIB) implementing the
standard Java Messaging Services (JMS). SIB is an integral part of WLM allowing it
to distribute messages in a balanced policy among all participating servers, where
messages are triggers which initiate resource-eager data processing threads.

Scalability: WLM improves scalability by using a cluster configuration that allows
the overall system to service a higher data load than that provided by the simple one
server configuration. To a certain practical limit it is possible to service any given
load by simply adding the appropriate number of application servers to act as cluster
members.

Load-balancing: WLM ensures that each machine or server in the cluster processes a
fair share of the overall data load being processed by the system. In other words, it
prevents a situation where one machine is overloaded while another machine remains
mostly idle. It doesn’t matter whether all machines are used at 50% of their capacity
or 100% of their capacity, the long-term relative wait of data processing on each
machine will be the same.

Failover: Using multiple servers in a cluster, and perhaps on multiple independent
machines, leads naturally to the potential for the system failover. If any one machine
or server in the system were to fail for any reason, the system should be able to
continue operating with the remaining servers. The load-balancing property should
ensure that the processing load gets redistributed to the remaining N-1 servers, each
of which will henceforth process a proportionately higher percentage of the total load.

Workload management is most effective when the deployment topology is
comprised of application servers on multiple machines, since such a topology
provides both failover and improved scalability. It can also be used to improve
scalability in topologies where a system is comprised of multiple servers on a single,
high-capacity machine. In either case, it enables the system to make the most effective
use of the available computing resources.
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2.2 Database

The physical design relies heavily on the technology and functionality of the IBM
DB2 UDB product, including its Data Partitioning Facility (DPF). DPF offers a near
linear scalability of large database applications by enabling a large number of DB2
database engines to operate in parallel on several UNIX operating systems, while
providing a single logical view of the data for application and user access. With DPF,
one or more database engines are started in each participating operating system.

Each database engine manages its own resources such as database control files, log
files and table-spaces (raw disks or UNIX file system containers) in which table data
is stored. When defining tables, the database administrator specifies a partitioning
key, which is a set of table columns. Whenever a row is added to a table, the
partitioning key columns are mapped by a hashing algorithm to one of the database
engines called DB partitions, which stores the row in table-space container owned by
the respective partition. The quality of the IBM supplied hashing algorithm ensures
that very high cardinality partitioning keys supply an almost uniform distribution of
large table rows between the database partitions.

The applications involved can subsequently connect to any DB partition and issue
DML statements to query/update the database. The partition handling the connection
ships access requests to all partitions that participate in storing data for the requested
tables. It then coordinates the processing across the partitions. For example, if a DML
statement requires the scanning and/or updating of 1,000,000 rows distributed (by
DB2’s hashing algorithm) almost uniformly among 20 database partitions , the
database will automatically initiate 20 tasks (one on each of the 20 partitions) that will
concurrently completes the necessary database processing in 5% of the time required
by a single database engine. Section 4.3 provides more detailed examples of the
leveraging of DPF’s parallel processing in the MCS application.

The DPF functions utilized are: Fast Load, Parallel processing of collocated DML,
and Multi Dimensional Clustering (MDC), which provides a physical separation of
records with common values in the leading dimensions is another DB2 performance
improvement technology levered in the MCS implementation. When defining a table,
the DBA has the option of specifying a list of low cardinality “dimension columns”
which are commonly used to filter rows in SQL queries. The rows of the database
table will be physically separated into groups (called Cells) defined by the
permutations of values of these columns. In the case of DPF, the physical grouping
will exist in every database partition. For example, assume that MDC is defined on
the “transaction_date” column. If a table stores 100,000 transactions per day for 90
days, a table-space scan limited by an SQL predicate to a single day will need to
physically scan only 100,000 records instead of 9 million records. The above DPF
deployment (20 partitions) will perform 20 concurrent scans of only 5000 records
each, in each partition.

Thus by leveraging MDC and DPF we are able to deploy a data base design that
reduces table-space scanning by a factor of 1/(MDC_CARDINALITY * N_partitions)
where MDC_cardinality is the expected permutations of values in commonly used
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predicates and N_partitions is the number of DB2 database partitions deployed in the
DB2 database instance.

3 MCS Description

3.1 MCS Execution Model

The MCS execution model was designed to efficiently utilize the scalability, load
balancing and failover capabilities of the WebSphere Application Server. To this end,
MCS supports breaking down an end to end global process (logical) into several sub-
processes (concrete) while maintaining the context of the global process. Each sub-
process is triggered by a message, and all those active at a given moment execute in
parallel on as many threads as configured on each of the different cluster server
member assigned by the Work load Management (WLM) facility.

The MCS execution model assigns to each concrete process a corresponding
persistent Data Object (DO) element which represents its state. This design allows
each concrete process to execute in several consecutive steps, each of which may run
on a different thread. The interactions among the different concrete sub-processes
needed to carry out the end to end global logical process is managed by the MCS
Business Process Flow & Control Engine (BPFC) described later in this paper.

Presently, the MCS logical process consists of the following concrete processes:

e Massive pre-processing of CDRs according to specific business rules. This is
achieved by a set of transformations applied to each CDR, resulting in
validated, enriched and normalized output. The set of transformation is
composed into a Processing Plan — see section 4.2 below.

e Massive uploading of the processed data to the database.

e Massive broadcasting of the uploaded data to subsequent dependent business
components.

e Recovery and exception handling.

MCS BPFC engine is designed to be easily modified to support new business
process requirements. This enables the MCS execution model to be applied to other
business domains aside from its current subject domain.

3.2 Sources, Target Destinations, and MCS Entities

The MCS data model was designed to support maximum flexibility of input data and
their corresponding target output destinations. The massive input stream of record is
apportioned into manageable quantities in the following sense. MCS applies
transactional data integrity on the partitioned data borders. Currently, each portion is
provided as a single file.

When there are logical reasons to associate records across files, MCS defines an
Envelope entity, which represents one or more file sharing the same transactional
integrity. The single file is processed in a restartable MCS Task entity. This means
that in case of failures the file can be reprocessed or disposed as erroneous.
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Each input file is associated with a certain processing plan (see below) according
to its type. As a result, one or more collection of output records are generated and
associated with certain destination. MCS Destination is a logical entity which is
associated with a real-world resource, which in general will be a database table. MCS
Destinations may also be files, while in general MCS uses files as an intermediate
storage for its massive database uploading mechanism.

The MCS massive uploading is carried out in a concrete sub process called a
Package. A MCS manages one or more package entities each of which is responsible
for uploading into a specific MCS target table destination. The package may upload
data produced by one or more envelopes sharing the same MCS destination.

To summarize this section, MCS manages concrete processes of four types: A
Poller (described in the sequel), Envelopes, Tasks and Packages.

3.3 Domain Specification Language and Base Operations

To perform pre-processing of CDRs, MCS applies a domain language processor
specifically developed for the application. The language uses terminology that is easy
to understand in the limited context of preparing CDRs for the subject domain.
Without going into too much details, suffice is to say that the language defines the
structure of input and output records, types of fields, means for temporary storage,
mechanisms for efficient data base table lookups, and sequences of extendable
transformations from input fields to output fields. MCS language made it possible for
a domain expert to write a Processing Plan according to a required set of business
rules. The processing plan is written during an offline Authoring phase. In fact,
experts in the CDR pre-processing, familiar with the domain were able to easily write
processing plans for several different kinds of records, coming from different sources.
No programming skills are required of plans authors.

Problems Javadoc | Dedaration Search Console |~ /Properties (* . Ervor Log
Property | value
+ common
= main
Map Type " ProfioSearch
Tabie Attribute

¢ Table Attribute *PrefixTableMap. TABLE"

INST1.DIM_RA_MAST_DIAL_DIGIT
DCA_LOCATION_CODE
"2 DIAL_DIGIT_KEY

Tabie Out Column

Table Prefix Column
Miec

Name "2 LooklntableDIM_Dial_Digit_ForDAC: PrefixTableMap. TABLE -> [

_Call_Direction"

skintableDIM_Dral_Digit_For_Clrde_ID_Key"

clal_num_Indlactoe”"

SkintableDIM_Dial_Digit_ForDAC"

omizer "LooklntableDIM_Diak_Digit_ForDAC: PrefixTableMap. TABLE -> DB2INST1.DIM_RA
lntableDIM_Draf_Digit"

str_From_Annotation_callingparty”

+ Opesation ”

Fig. 2. MCS IDE screen shots



56 U. Shani et al.

All input records are pre-mediated to convert the distinct record coding and
packaging of the different vendors to unified ASCII format files. Each file consists of
a collection of records, where each record occupies a fixed length in bytes.

We developed the language processor using the Eclipse Modeling Framework
(EMF)[7] and wrote plans on the Eclipse platform[8] via an MCS plug-in; this
provided a GUI editor for writing and testing the plans. EMF was also used to model
the language and to generate all the Java classes.

3.4 Operational Data Object (DO) Elements

The integrity of the global process and its concrete processes is maintained by
persistent Data Object (DO) elements. The DO persistency is kept in specific MCS
database tables. The MCS BPFC manages the concrete process execution and
transactions via the WebSphere Application Server transaction support.

MCS currently defines five basic DOs, four of which are used to maintain state
of MCS concrete process entities: Poller, Envelope, Task, and Package, and
another to maintain state of the MCS destinations. Since for all practical reasons
each destination is associated with file storage, the MCS term for destinations is
OutputFile.

The Poller DO is a singleton across the entire cluster and is responsible for
monitoring the incoming input CDR data, issuing new job requests for the Envelope,
and monitoring the health of the MCS runtime environment. The Envelope represents
in MCS the end to end global process. This starts from the point where the Poller
identifies an input, to the point where all output records resulting from processing this
input, are safely stored in their destinations.

The Task DO maintains the state of the Task entity responsible for pre-processing
a concrete input CDR file. This consists of invoking the specific domain language
processor, communicating with the associated Envelope entity, and the generation of
the appropriate OutputFile destinations. MCS maintains a repository of compiled
plans, which are fully re-entrant and thread-safe for massive concurrent invocation.
Each plan is compiled on its first encounter; MCS plans perform rapid and massive
table lookups. For that purpose, MCS maintains an efficient and optimal cache of
these tables from the database, which can serve shared access by a highly concurrent
plans execution.

There are several Package DOs, each representing a cluster-wide singleton
responsible for uploading processed data into a specific database table destination,
and which may originate from several Envelopes sharing the same destination.

The OutputFile DO maintains the state of concrete destination instances (i.e., files),
throughout their lifecycle from generation to completion of database uploading. This
DO is used by the relevant Envelope and Package entities to synchronize their
activity. If a destination is not associated with a database table, it reaches its final state
as soon as it is successfully generated.

The following diagram represents the flow of incoming CDR data through the
MCS entities.
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The MCS BPFC Engine is written using J2EE building blocks, such as stateless
session beans (EJBs), message driven beans (MDBs) and many other resources

supported by the WebSphere Application Server.
The MCS BPFC Engine foundation consists of the following concepts:

e A general-purpose State Machine Engine, flexible and versatile for

representing composite state hierarchy and corresponding set of transitions
between states to form a State Machine Diagram. This diagram also declares
the set of domain specific actions taken either during a transition or within
the state scope.

A State Machine Arbiter controls any number of different state machine
diagrams allowing interaction across different diagrams. Basically, each state
machine diagram is a server-wide singleton referred to as a State Machine
Object. The arbiter deciphers incoming Trigger messages uploads the
corresponding DO, which represents a concrete MCS entity of a certain type,
represented by the respective State Machine Diagram. The Arbiter than
dispatches the trigger and the DO to the target State Machine Object. The
Arbiter wraps this process within a transaction control over the transition and
the state actions, thus maintaining DO persistency and integrity.

A Trigger Facility generates triggers which can carry any type of message
payload to any target State Machine Object, for any of its concrete entity
instances, on any of the servers and machines within the MCS WAS cluster.
A general purpose Dispatcher responsible for sending Triggers carrying
message to a target State Machine Object. The Dispatcher utilizes WAS load
balance management (WLM).

WebSphere Application Server Messaging Layer declaring multiple Queues
for holding dispatched trigger messages. Together with message driven beans
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entry points the MCS architecture allows fine tuning of the flow and its
resource allocation addressing the business model massive requirements.

The BPFC execution model differentiates between two types of actions: State Flow
Process Action and Transition Action. The transition action is designed to be ‘short’
(e.g. in the order of few milliseconds). On the other hand, the state actions may be
‘long term’ (e.g., in the order of minutes). It is the responsibility of the action writer
to adhere to these design guide-lines.

3.6 Scalability, Parallelism, Persistency, and More

The MCS architecture of associating database persistent DOs with the BPFC engine
makes it highly scalable, to the WAS cluster limits. In fact, as many Envelop and
Task concrete entity instances can operate in parallel, as much as the WAS-controlled
resources permit on the specific platform configuration on which MCS works.

MCS supports three levels of recovery. The first level is implemented
programmatically in the state-machine diagrams. For instance, a failure is detected as
a transient, identified as a “soft” failure and is retried. Repeated soft failure is
designated by the state-machine as a “hard” failure if it occurs more than a preset
threshold. Failures not identified as “soft” are automatically categorized as “hard”.
Hard failures will mean that the specific concrete entity will be disposed as erroneous.
This may mean a specific Task (i.e., an input file), or an entire Envelope.

The second recovery level is applied at the state-machine arbiter mechanism which
is integrated with the WAS transaction management. Failures that cannot be handled
by the WAS transaction management are propagated to an exception-handling
mechanism. As a result, corresponding concrete entities are triggered to handle severe
failures — which in general are programmatically handled as “hard” failures.

The third recovery level handles hard platform crashes. This is provided by the
WAS recovery and failover facility which ensures continuity of service in face of
partial hardware/platform faults.

4 Deployment on the Platforms

4.1 MCS on the WAS Cluster

The MCS execution model is supported by two logical components: MCS Poller and
MCS Worker. The MCS Poller holds the Poller singleton DO and assumes its
responsibilities. The MCS Worker executes the Business Process Flow & Control
components responsible for the Envelope, Task, and Package DOs. Both these
components are capable of running in a clustered environment or single server
environment.

The MCS Workload Management (WLM) capabilities are achieved with a cluster
configuration that consists of two distinct clusters. The first cluster is the MCS Poller
cluster, where the MCS Poller execution model is deployed on one or more servers to
provide failover capabilities. The second cluster is the MCS Worker cluster, where
the MCS Worker execution model is deployed on one or more servers to provide
scalability and load balancing. The exact number of servers in each cluster and the
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resource allocation depends on the physical machine capabilities and even more
strongly on the analysis of the Telco revenue assurance business model requirements.

The system configuration is scalable and users can increase the processing
capabilities of MCS by using additional physical machines; these machines can be
used to install additional Worker application servers that are joined to the MCS
Worker cluster, thus providing more processing units for the data.

The configuration in Figure 5-1 demonstrates the interaction between MCS Poller
and MCS Worker clusters. MCS Poller cluster contains a number of application
servers. Only one of these servers will be active at any point in time; this is ensured
programmatically by the MCS Poller implementation. The other servers are used for
failover, if needed. The Poller application servers each have a messaging engine,
which is part of the MCS SIB bus. When the MCS Poller application identifies a new
unit of work, it sends a message to the appropriate queue on this bus. The message is
received by one of the Worker application servers and the processing begins. These
Worker application servers also have messaging engines and are bus members on
MCS SIB bus; these are declared listeners on MCS queues. The load-balancing is
therefore achieved by using the JIMS WLM mechanism, since the load of messages
arriving at a queue is distributed evenly among all the listeners on this queue.
Scalability is achieved by adding Worker application servers to the Worker clusters,
wherever needed and physically possible. Fault-tolerance is achieved inherently, since
even if one Worker server fails, the others continue to process the load.

MCS Poller Cluster MCS Worker Cluster
(1..n servers) (1..n servers)

Partitions on the—
queues o

MCSExceptionQueu

MCSEnvelopeQueue

Connection
Factory MCSTaskQueue

MCSPackageQueue

MCS Cluster Bus

Fig. 4. MCS Poller and Worker clusters
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4.2 Database Design

The design of the RDBMS population component allows the MCS to provide an
optimal, highly scalable solution for collection systems with the following RDBMS
processing requirements:

e Collection of massive amounts of detail records to be stored for a defined
retention period before archival and deletion, without update in the RDBMS.

e Filtering of duplicate records that can arrive due to defects in either the
digital event collection components or IS operations.

Staging of summary information derived from the arriving detail data that is
incorporated into a heavily accessed, query oriented database. The database is
designed to enable users to focus on a subset of detailed records by providing values
to a small set of leading dimension columns which must include a time dimension
column. In the initial Telco application the leading dimension columns are the ID of
the digital component generating a CDR and the ID of a 15 minute time interval when
the CDR was produced.

4.3 Parallel Processing of Collocated DML

Parallel processing of DML (SELECT, INSERT, UPDATE and DELETE Statements)
is enabled by the DB2 optimizer whenever possible and there is no need for
developers' coding non standard SQL. Database designers and administrators, on the
other hand, must design for parallelism by collocating tables that participate in multi
table DML statements in order to achieve the throughput of required by MCS.

For example, a query producing a sorted row result set of 500 rows requiring the
scanning of one million rows will be sent to 20 partitions where each partition will
scan and filter about 50 thousand rows in parallel and send the intermediary results to
the coordinating partition. The bulk of the work will be done concurrently on 20
nodes and the coordinator will merge and sort the intermediary results totaling 500
rows and present a single sorted result set to the application.

Similarly, an Insert-Select statement from a staging table to detail transaction
tables that are collocated (having the same partitioning key columns) will be executed
in parallel thus the processing of a one million row staging table will automatically be
divided among 20 data base engines which will select and insert 50,000 rows each.

In both of the above examples the bulk of the work is done concurrently in 5% of
the elapsed time that would have been required to perform the task in a traditional,
single database engine environment.

4.4 DB2Fast Load

With DPF, the DB2 fast load, which works 10 faster than DML INSERT statements,
executes a pre-processing stage which utilizes the DB2 partitioning hashing algorithm
to split the input data into separate files containing records for only one partition and
"ships" each file to its respective partition.

The MCS DB load component uses the DB2 fast load to the formatted output data
file into a staging table which is collocated with the target detail table. A series of
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collocated Insert-Select containing Left Outer Joins is used to filter duplicates, Insert
Duplicates into an error table and Insert the non duplicate records into the detail table.

Aggregate records of the non duplicate data in the staging table are computed and
inserted into a staging table of summary data which will be used to update the query
database at end of day processing.

4.5 Multi Dimensional Clustering (MDC)

Multi Dimensional Clustering (MDC) provides physical separation of records with
common values in the leading dimensions. In our Telco application, all detail records
generated by the same digital component in the same 15 minute interval were stored
in a single physical container. This alignment of logical and physical structure enables
fast loading, fast retrieval and fast maintenance (when deleting/archiving at end of
retention period).

S Summary

This paper describes a heterogeneous highly scalable collection system in which a
massive flow of event detailed records are collected and pre-processed using a special
domain-specific language. The data is then uploaded to a highly partitioned database
where subsequent post processing is performed.

The target performance for the system using a cluster of machines is in the order of
one billion records a day, which translates to a TB a day. Current tests demonstrated a
performance reaching 100 million records a day. These deployment tests use a smaller
configuration consisting of only three machines: one for MCS and two for DB2. The
target and test machines are IBM RISC System 6000 platforms (IBM System p5 ™)
having eight CPUs and 32 GB of RAM, running the AIX operating system. It is
assumed that the addition of further machines will enable the system to process the
target volume.

Acknowledgements

Thanks to Dagan Gilat, Pnina Vortman, and Yoel Arditi for their visionary drive in
this project. To Yaakov Dolgov who contributed to the implementation and design of
the solution, and to Chani Sacharen and Hanan Singer for editing/formating the
manuscript.

References

1. WebSphere Application Server V6 Scalability and Performance Handbook, IBM Redbook,
SG24-6392-00, ISBN: 0738490601

2. WebSphere Application Server V6 Technical Overview, by Carla Sadtler, IBM Redbook,
REDP-3918-00

3. WebSphere Application Server V6 Planning and Design WebSphere Handbook Series, IBM
Redbook, SG24-6446-00, ISBN: 0738492183



62

U. Shani et al.

Java™ Message Service Specification Version 1.1, Sun Microsystems® (April 2002)
http://java.sun.com/products/jms/docs.html

Java™ 2 Platform Enterprise Edition Specification, v1.4, Sun Microsystems® (November
2003) http://java.sun.com./j2ee/j2ee-1_4fr-spev.pdf

IBM DB2 Information Management (Accessed January 29, 2007) http:/
www.redbooks.ibm.com/portals/Data

The Eclipse Modeling Framework (Accessed Janurary 29, 2007) http://www.eclipse.org/
modeling/emf/?project=emf

The Eclipse project organization (Accessed January 29, 2007) http://www.eclipse.org



Two-Phase Data Warehouse Optimized for Data
Mining*

Balédzs Récz, Csaba Istvan Sidlé, Andras Lukéacs, and Andrds A. Benczir

Data Mining and Web Search Research Group, Informatics Laboratory
Computer and Automation Research Institute of the Hungarian Academy of Sciences
Kende u. 13-17., 1111 Budapest, Hungary
bracz+v6@math.bme.hu, scs@elte.hu, alukacs@sztaki.hu,
benczur@ilab.sztaki.hu

Abstract. We propose a new, heterogeneous data warehouse architec-
ture where a first phase traditional relational OLAP warehouse coexist
with a second phase data in compressed form optimized for data mining.
Aggregations and metadata for the entire time frame are stored in the
first phase relational database. The main advantage of the second phase is
its reduced I/O requirement that enables very high throughput process-
ing by sequential read-only data stream algorithms. It becomes feasible
to run speed optimized queries and data mining operations on the entire
time frame of most granular data. The second phase also enables long
term data storage and analysis using a very efficient compressed format
at low storage costs even for historical data. The proposed architecture
fits existing data warehouse solutions. We show the effectiveness of the
two-phase data warehouse through a case study of a large web portal.

1 Introduction

In this paper we address the efficiency of telecommunication log data warehouses
with vital data mining functionalities such as recommender systems [06], web site
usage patterns [20] or user community analysis [9]. We observe rapid expansion
in the amount of data; several millions of new records per day that reach tens
of gigabytes in its raw form are quite common. It is increasingly hard to keep
long-term analytical aggregates and data mining models real time without ever
increasing the computing and storage capacities.

We propose a two-phase data warehouse solution for improved data availabil-
ity in mining algorithms. While it is widely accepted that database management
systems are the appropriate source for data mining [I5, p. 172], we put the cou-
pling [25] between the database management system (DBMS) and the mining
algorithm into a new view by introducing another second phase source of data
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in addition to the (first phase) DBMS that operates similar to a nearline so-
lution [I8]. We achieve loose coupling with the DBMS but tight coupling with
the compressed second phase storage. This provides optimized access to archive
data as in a nearline solution, and also optimized data access for data mining.
We hence combine the advantages of existing loosely coupled data mining and
external nearline solutions.

The motivation of introducing a second phase is based on the observation
that storing large amount of long-term data for on-line analysis requires huge
efforts in a data warehouse environment. Scalability of the standard data ware-
house techniques makes the all-time expansions of the system more and more
costly, while the functionality provided by the warehouse remains partly idle.
In addition, data mining algorithms perform poorly in standard data warehouse
environments. We conclude that the special needs of long-term, on-line, data
mining enabled data storage is a supplementary data source in a large scale
integration with the existing data warehouse.

Our model for the knowledge discovery process uses a query language that
describe the execution plan of the knowledge discovery process by giving the
interconnection of the data manipulating and modeling algorithms via a standard
interface. Comparing this approach to the mainstream concept of DMQL has
some similarity to comparing the programming language C to other high level
languages. The data mining pipeline offers a low-level control, allowing a very
effective planning and management of resources utilized.

We demonstrate the applicability of our architecture for the case of Web server
log analysis, an active area of research surveyed by [27]. The log files are typically
very sparse datasets that cover only extremely small part of their state space with
attribute values following very skewed distributions [I2J5]. Particular advantage
of our solution lies in our compression method [24]; compression techniques in
commercial database engines often perform poorly for sparse data cubes and
result in large amounts of inefficiently utilized storage. While Web usage analysis
using relational OLAP methods is worked out in detail [29], commercial web
usage mining tools typically do not utilize the data warehouse.

The paper is organized in the following way. After describing related archi-
tectures next, in Section [2] the outline of the proposed architecture is presented.
Section [3] provides the case study of the leading Hungarian Web portal. In Sec-
tion [ we discuss the detailed functionality and applicability of our second phase
implementation including long-term storage, data mining support and other ad-
vanced features. Performance measurement results are displayed in Section

1.1 Related Results and Architectures

Efficiency of traditional OLAP and data warehouse techniques [TTI32] is consid-
ered by several authors [I6] who invest huge efforts in techniques for generating,
querying and maintaining data cubes in both relational OLAP (ROLAP) and
multidimensional OLAP (MOLAP) environments. However, the ever growing
data volume can make these approaches very costly unless we compromise by
discarding certain dimensions and limit the time granularity of accessible data.
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Efficiency observations lead to the development of column-oriented databases
and nearline storages, to two architectures related to our two-phase solution.

Column-oriented database systems such as the C-store [28] are read-
optimized databases designed for relatively few concurrent users asking sophis-
ticated queries by storing relational data in columns rather than in rows as in
the conventional “row-store” approach. Similar to our second phase, the column-
wise storage enables sophisticated compression methods [4] and evaluate queries
on compressed data as far as it is possible. While we also compress data column-
wise, we store them as a row store as an additional benefit over column stores to
avoid the use of join indices that would slow data mining down. Nevertheless the
possibility of keeping the data in column-wise separate files as well as multiple
views under different sorting and partitioning is possible in our second phase
although our data management philosophy stays closer to data streams than to
common database principles.

Our concept shares some properties with nearline data warehouses like
Sybase IQ and Sand/DNA Access that extend existing data warehouses by uti-
lizing compression highly integrated to the host data warehouse. The term
“nearline storage” [I8] is used for an intermediate type of storage that lays be-
tween on-line and off-line storage as a golden mean, avoiding both cheap but
slow tape-resident storages [10] and expensive huge on-line storages.

When comparing column-wise and nearline storages with our solution, first
of all we stress that our second phase primarily supports data mining and relies
on the existing first phase as a fully functional database system. Data mining
enabled database system architectures can be classified by the strength of the
coupling between data mining algorithms and the DBMS systems [25]:

Tight coupling. Data mining is integrated into the DBMS using only the ex-
isting query processing methods. When used for data mining, this solution
has known efficiency limitations [25126].

Semi-tight coupling. The existing DBMS system is extended with data min-
ing primitives of different complexity and in turn provides an extension of
the SQL query language. This corresponds to an interfaced connection be-
tween a second phase or nearline data storage where preprocessing, cleaning
and basic analysis can be left to the existing DBMS. The advantage is easy
development but the drawback is the lack of optimization for immense data
volumes moved through the interface.

Loose coupling. Data are read from the DBMS and directly loaded into a
separate DM system. While both our and other typical existing data mining
solutions are loosely-coupled and use locally stored copies, in our approach
we introduce an external data storage that replicates some of the DBMS
functionalities similar to a nearline solution. With a clear increase in de-
velopment costs, this is the only solution that allows an external storage
optimized for data mining.

Finally we mention the desired common aim in the fields of knowledge discov-
ery and inductive databases to find a satisfactory formalism for data modeling
and mining [8]. A part of existing approaches concentrates on a relatively high



66 B. Racz et al.

level of abstraction but restricted to the particular type of knowledge to ex-
tract (like association rules, classification etc). Typical solutions of this type are
DMQL [I4], MSQL [I7] and OLE DB [22]. Since our algorithms are tightly cou-
pled to the second phase storage, we are able to extend SQL (e.g. [30/31], [13])
similar to other tightly coupled solutions; we are currently limited on the SQL
side due to development costs.

2 The Proposed Architecture

Figure [[l shows the proposed two-phase architecture. While the first phase is a
traditional DBMS that processes data sources and provides user interface for
management and analysis, the new feature is a background second phase ware-
house similar to a nearline solution but with slightly different goals. Data is
imported either from the first phase or, for real time applications, directly from
raw logs and stored compressed. The background storage keeps data available
through streaming and data mining interfaces and also provides archival. Long
term aggregates as well as custom mining reports are moved up into the tradi-
tional first phase DBMS and presented to the user over a standard interface.
The first phase is implemented using standard data warehouse technologies.
The source data is extracted, transformed and loaded into the database by the
ETL tools. The database is responsible for managing data cubes and metadata,
such as dimension tables. First the dimensions and dimension hierarchies are
refreshed, and fully detailed data cubes are built. These tables contain data only
for a limited time frame. Additional cubes store the derived, subject area-specific
data, which are updated after the main cubes. These smaller cubes contain data
with no time restrictions. (They can be implemented as independent data marts

Database (first phase) ‘

@
> o
Data Short-term
sources tools data cubes S @

Long-term
Metadata aggregates,
patterns
|

— l

Streaming data management
and data mining toolkit (second phase) | +y

- OLAP and other
P Compression module analysis tools
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disk storage “a {

Data stream query engine }

Fig. 1. Two-phase data warehouse architecture
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as well [3].) Reporting and analysis is done by tools connecting to the data
warehouse.

A goal of the second phase is to optimize data mining access to very large data
sets. This is achieved by compressed storage optimized for high throughput by
large compression rates, relative slower but rare compression and frequent very
fast decompression. We employ our semantic compression column by column [24]
described in more detail in Section While similar to column stores in the
use of compression, a main difference is that we only compress data in columns
but we store in rows in order to serve data mining algorithms without the need
of join indices over the data.

We primarily use the second phase data over a streaming interface without
ever storing large uncompressed data chunks. Sequential access to all or certain
relatively large blocks of the data fits well with a variety of data mining and
machine learning algorithms. Frequent itemset mining as well as partitioning
clustering algorithms such as k-means algorithms are designed to use a few passes
of full scans over the data [I5]. A given model can be applied to classify data;
certain models such as Naive Bayes or decision trees can also easily be trained by
sequential passes. Finally database sketches or synopses can be efficiently built
for further processing [7].

The second phase data consists of one or more basic fact tables with all
frequently used attributes joined. Access is restricted read-only sequential with
the exception of inserting fresh data. While the architecture does not prohibit
indices similar to column stores, the only index type we use is a very coarse
block index suitable for example for selecting data from different time periods.
Queries hence use full or partial table scans and joins are implemented only
for small tables by internal memory indices; notice that in our high throughput
architecture full table scans are relative inexpensive operations.

In conclusion our two-phase architecture uses a traditional DBMS to handle
authentication both to OLAP queries and to predefined data mining output
generated from the second phase data. The DBMS contains detailed dimension
tables with no restriction on its scheme (snowflake or even more complex). By
cost considerations the first phase is restricted in its time window or granularity;
for historic data only aggregates are preserved. The second phase, on the other
hand, acts both as a nearline solution to store archive data as well as a data
source for tightly integrated mining algorithms. The second phase is restricted
to a star schema with one or more basic fact tables that are read only except
for the addition of new data and are optimized for full table scans with possibly
only very coarse or no indices implemented.

3 A Case Study

We illuminate key concepts of two-phase data warehouses by the case study of
the largest Hungarian web portal (www.origo.hu). We give an overview next;
details, specialties of this implementation and measurements are presented in
Section @l The portal has from 7 to 9 million successful page requests per day,
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which ends up in around 35 GB of raw web server log files each day that should
be kept accessible for periods of years both for analysis as well as for legal
obligation and security policies. Since the cost of a huge log data warehouse is
not affordable, they used to build data marts on aggregated data while archive
the raw data on tapes that is very difficult to access and analyze.

Our solution is built on top of their existing Oracle 9i database that we also use
for presenting reports to the users through an easy-to-use web-based interface.
The web server log data enter the DBMS system through our ETL tools; in
addition these tools collect data from the editorial systems as well. The web
server produces logs in a rich format to facilitate user behavior analysis including
date, time, user agent, page hit (URL), content, referrer page, HT'TP method,
HTTP protocol, cookie and IP address of the visitor. The raw data is filtered,
completed (with domain names for IP addresses for example) before sent to the
data warehouse component. The main page-hit data cube is partitioned by date:
each day has a new partition. We also build hierarchies on top of the dimensions
including domains for the IP addresses and page groups based on the structure
of the site.

The most granular page hit data cube can store data only for a limited time
period, in our case approximately five months. The most granular data is ag-
gregated into smaller, subject oriented data cubes for the purposes of content
optimization, marketing and web-design that do not run into capacity problems.
Additional structures store patterns found by scheduled data mining processes.
All the cubes share the dimension tables and metadata.

The data warehouse has a refresh period of one day, new data arrives
overnight. First we make the database consistent by building the main table.
At this point the second phase data is generated: the compression module reads
out and compresses the most detailed data. After compression additional data
mining tasks are performed, and the results are written back into the database
for analysis. Second-phase modules connect to the database through standard
Oracle C++ APIs.

To ensure that the second-phase data is always consistent to the database,
they share all the data warehouse dimensions and metadata. However, the di-
mension data is stored also in the second phase as dictionaries, to handle changes
of the schema and slowly changing dimensions. Archive, rolled-out detailed data
of the star schema is always properly accessible from the second-phase. The
second-phase modules are built on the relational-like data model which fits the
snowflake schema using the same surrogate keys of dimensions as the database.

4 The Second Phase Component

In this section we describe the design issues and the architecture of our second
phase solution, a single modular suite of software written entirely from scratch in
C++ language that spans the tasks of compression, high-throughput data access
and data mining by providing a data mining query language. The motivations
behind these features and some interesting consequences are also discussed here.
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The data mining engine of the second phase is designed and developed for
handling and processing of very large datasets using a data stream approach. It
combines an abstraction of data source, run-time modularity and configurability
with keeping performance and resource management issues in hand. This enables
a versatile platform for data mining and data analysis that allows an ordinary
desktop or workstation-range computer to perform queries including data mining
operations on very large datasets that are difficult to handle by boxed DBMS or
statistical systems.

4.1 Modular Framework and Query Language

All the second-phase tasks are performed by a set of over 200 independent mod-
ules for data manipulation (filters, transforms, aggregation, grouping, sorting
etc.) and modeling (clustering, classification, frequent pattern mining) instanti-
ated at runtime. In this approach the plan of the knowledge discovery process is
given by the sequence and the detailed parameter setting of the algorithms to
apply. Module configuration can be given in a query language that specifies the
required modules, their settings and virtually unrestricted interconnection over
a standard interface.

An important question in the usage of a data mining solution is the user
interface for designing and constructing the different data mining models. Our
first solution was a simple configuration file edited by hand, which required con-
siderable technical background to understand and develop. However, it took a
relatively small effort to create a graphical user interface with more advanced
functionality. Using this application building and modifying the configurations
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are quick and easy, thus one can realize the desired interactive process for de-
veloping data mining solutions. A similar open system approach for DM API is
the Mining Mart [21].

Figure[2 depicts the configuration UI in use. As the simplest example of a data
aggregation query we decompress and feed the output into a filter performing
a WHERE clause (bottom left block) that filters users of handheld devices.
The next module groups the records and calculates aggregated traffic fields.
Finally, the resulting data may be loaded into the first-phase DBMS for further
use (top). In a more advanced example we may feed aggregates into a data
mining algorithm such as pattern discovery, clustering or classification. Finally,
the result of the data mining task can be post-processed to select relevant or
interesting patterns, or perform advanced visualization computations, and the
result is again loaded into the main DBMS for display or further use.

The query language of our second-phase data warehouse is relatively low level
and highly implementation-dependent. Application developers need to submit an
execution plan as a query, formulated by the sequence of elementary operations
to apply on the input data sources. This gives an absolute control over what is
being done and how — which has both advantages and disadvantages over very
high level query languages, such as SQL. We claim that some of the disadvantages
are indeed desired in case of the immense data volumes of second-phase data.

4.2 The Data Stream Interface

The modules adhere the streaming data source interface both for input and
output with a limited number of exceptions that use external memory sorting.
Modules take next input, perform some transformation or data manipulation
task and export the result on their interface. By connecting several such mod-
ules together, one gets a pipeline of modules that performs complex operations
over the data as it flows through while never completely buffered. This ensures
controlled resource usage and processing efficiency.

Data streaming allows second-phase data to be decompressed on-the-fly for
queries while never stored, not even temporarily. The query engine has to process
the stream of records as they come from the decompressor; records are discarded
from memory once they are processed. This way only the small set of records
being currently processed exist in the memory uncompressed. Intuitively it is like
drawing a magnifier glass over the miniaturized data: only the records under the
glass are currently visible and occupy resources.

4.3 Compression

Compressed input is a key factor in the efficiency of the second phase solution.
In the case study we used our semantics-based compression scheme [24] with
the characteristics of high losslesdl compression rate with block size selected to

1 A lossy compression might be adequate for certain applications, but analyzing this
option is beyond the scope of this paper.
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balance between supporting coarse indices and utilizing inter-block data correla-
tion. While compression rate is very important, compression speed is not a high
priority. We optimize for decompression speed as it will be a considerably more
frequent operation than compression.

The compression module follows the modular concept and employs hand tun-
able semantic methods specialized for the type and content of data in the table
to be compressed. The compression interface takes a sequence of values on its
input and produces a bitstream, allowing arbitrary invertible transformations
to be applied before the actual compression algorithm. Instead of a universal
compression algorithm we provide a choice of several algorithms specialized for
different data.

Transformations prior to compression may improve the rate, as shown in the
following example. The timestamp field in the web server log has a close to
uniform distribution over the entire period. However, if we sort the records in
increasing order of timestamps and apply the delta transformation that outputs
the difference between successive values, then the resulting sequence will contain
only 0 and 1 (for each second jump exactly one 1 and all the remaining down-
loads will have 0) and extremely rarely some larger number. This is very well
compressable even with a simple and fast entropy coder like Huffman.

Different compressed blocks may share metadata such as compression models,
histograms or data distribution information. For example each day of data is
compressed in a separate partition of the second-phase table. One such partition
contains models built from scratch for the entire partition, and several data
blocks using these models, which are individually decompressable.

When querying we utilize the ordering created by the compression module and
the natural order of blocks/partitions (usually according to time) as an index
for selecting which blocks to decompress and which blocks to skip entirely in
accordance with the filter conditions of the current query.

4.4 The Data Model

In the second phase storage and query execution engine we use a special data
model which we developed by keeping the needs of data mining applications and
efficiency reasons in mind. This model is a common generalization of the rela-
tional data model and the sparse matrix data model. A relation is a set of n-tuples
(records). The sparse format of a binary matrix is the following: for each row of
the matrix, we take the set of nonzero entries as a list of their column identifiers.

In our model we group the n attributes of the classic relational model into k
header attributes and n — k body attributes. Those records, which have the same
values in all the header attributes constitute a row and are collected together.
The values of the header attributes are stored, processed and transmitted only
once for each row, independently of the number of records belonging to that row.
Essentially this is one level of grouping pushed into the data model.

A Dbasic relation can be represented easily in our model by taking k = n or
k =0, i.e., all attributes are header attributes (one row for each record) or there
are no header attributes (in which case there will be a single row). A sparse
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matrix can be represented by taking a single header attribute, the row identifier
and a single body attribute, the column identifier.

The advantages of this model, and how it is suited to data mining applications
are best demonstrated through the example of user transactions such as Web
page downloads, phone calls, sent messages or other service usage logs such as
credit card transactions. In these databases the goal is to discover user behavior
patterns or identify outlying users (such as credit card fraud). In our data model
the attributes describing the users can be selected as header attributes, and at-
tributes of the actual transaction as body attributes with a single row for each
user grouping together the actions of a specific user for pattern or feature ex-
traction. Although there may be up to billions of transactions in the dataset, the
number of distinct users is usually considerably smaller (up to tens of millions).
Since user data is stored and processed only once in our system, this conserves a
huge amount of space and computation time. For example, joining another table
on a user attribute has a cost proportional to the number of users and not the
number of records in the relation. It also becomes feasible to even store the most
frequently accessed user metadata by joining table(s) directly in the table of the
main dataset.

5 Measurements

In the following we show the effectiveness of the two-phase architecture by some
selected measurements. We compare the database and the second phase store
according to space requirements and query performance. Unfortunately we are
unable to use the TPC-H benchmark [2] due to the specialties of the web usage
analysis and the second-phase storage. Instead, as in [I9] we measure basic data
warehouse implementation independent details.

Table [l shows the space requirements of one month (31 days) web log data
in the different phases. The DB table notion covers the main fact table of the
most granular page hit data, without the dimension and hierarchy tables. The
second-phase storage contains the basic dimension attributes as well. Oracle’s
data segment compression technique [23] achieves around 13 % storage saving,
as a result of the very sparse dataset. Our compression method reduces storage
down to 4.2 % for the basic fact table.

Figure Bl shows execution times for some basic queries of Table[2, observed on
the same server. We chose queries that do not use dimension tables and require

Table 1. Space requirements of the page hit data cube (one month)

Storing method Size on disk
Compressed (bzip) raw log files 180.7 GB
Compressed (bzip), preprocessed log files 17.1 GB
Standard DB table 44.9 GB
Compressed DB table 39.1 GB

Second-phase compressed storage 1.9 GB
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Table 2. Reference queries

Query SQL

Q1 select sum(PAGEID) from FACT_PAGE_IMPRESSION
where DATE_KEY between 20060101 and 20060131

Q2 select count(*) from FACT_PAGE_IMPRESSION
where DATE_KEY between 20060101 and 20060131
and HTTP_STATUS_CODE = 200

Q3 select count(distinct USERID) from FACT_PAGE_IMPRESSION
where DATE_KEY between 20060116 and 20060122
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Fig. 3. Execution times for the reference queries

full table scans (we use no daily block index that would speed up our execution of
Q3) of the fact table that store the required foreign keys. An appropriate tuning
of the database requires careful implementation and documentation beyond the
scope of this paper.

Querying second-phase data has near constant performance. The reason of
the quite high Q3 execution time is the following: the granularity (partition
size) of the compressed data is one month. In case of a query for one week of
data we have to process a whole month to produce the result, in contrast to the
database engine, where the query can be optimized to read only the appropriate
fact table partitions for the selected date range. However, the granularity of the
compressed data can be chosen arbitrarily, with the possibly increasing penalty
of the storage overhead of the dimension tables.

We demonstrate the strength of our architecture for data mining tasks on
Figure @ (the experiment extends [26]). The four depicted algorithm incorpo-
rate four different philosophy for solving the task of frequent itemset mining in
databases.

FP-TDG2 uses only relational database facilities to compute frequent itemsets,
namely tables, indices and SQL operations.

NFP-CACHE is a tiny cache-mine system, reading the input data from the
database, caching it on the local filesystem, computing the results by an
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efficient C++ standalone application (nonord-fp [I]), and writing back the
results to the database.

NFP-FILEIO serves as a baseline on the figure, representing the nonord-fp
algorithm using efficient file I/O libraries, getting the input data from files
and writing the output into files too, without any database connection.

PIPED-MINE stores the input data compressed on local disk, computes and
writes the result to the database using our second-phase toolkit.

The experiments were were performed on a PC server with a 3 GHz Intel
Pentium processor, 2 GB memory, RAID 5 with IDE disks, Debian Linux oper-
ating system and Oracle9i Release 2 DBMS (see [20] for details). The dataset is
a public dataset, having 340,183 transactions and 468 different items [IJ.

The SQL-based FP-TDG2 performs poor mainly because the structures and
operations provided by the database are not suitable enough for implementations
of data mining algorithms. The main part of the execution times of NFP-CACHE
comes from reading the input data from the database and writing back the re-
sults. As the result set growths, the execution times are becoming therefore also
larger. PIPED-MINE employs a similar implementation of frequent itemset min-
ing algorithm as NFP algorithms. The time saving comes partly from using the
compressed data as input, and partly from using a faster database connection API.

Figure Bl illustrates the execution times of the main regular jobs in our exper-
imental system. We see the DBMS daily aggregation as the main bottleneck; an-
other reason for using our architecture is that monthly or weekly aggregates cannot
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even be computed in tolerable time. We observe that the second phase offers a good
basis computing these aggregates as well as for running data mining tasks.

6 Conclusions

We propose a two phase data warehouse architecture by adding a second phase
data source to a traditional DBMS. The philosophy of the second phase lays be-
tween data streams, nearline databases and column-oriented databases: we provide
very fast streaming access for full table scans of long-term fine granularity histor-
ical data stored column-wise compressed. While our data mining algorithms are
loosely coupled to the DBMS, they are tightly coupled with the second phase data
source and thus overcome the high cost of reading from DBMS. Our architecture
promises effective long-term archival, computation and data mining at low costs
as demonstrated by the example of a large scale Internet content provider server
log warehouse.
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Abstract. Gaining business insights such as measuring the effectiveness of a
product campaign requires the integration of a multitude of different data sources.
Such data sources include in-house applications (like CRM, ERP), partner data-
bases (like loyalty card data from retailers), and syndicated data sources (like
credit reports from Experian). However, different data sources represent the same
semantic attributes in different ways. E.g., two XML schemas for purchase orders
may represent price as /SAP460rder/Product/Price or /PeopleSoft/Item/Sold/
Cost, respectively. The different paths to the same semantic information depend
on the schema, making it difficult to index the data and for query languages such
as XQuery to process aggregation queries. Shredding the XML documents is not
feasible due to the vast number of different schemas and the complexity of the
XML documents. The only known approach today is to ETL every single doc-
ument into a common schema, and then use XQuery on the transformed data
to perform aggregation. Such a solution does not scale well with the number
of schemas or their natural evoluation. This paper presents a robust solution to
document-centric OLAP over highly-heterogeneous data. The solution is based
on the exploitation of text-indexing that provides the necessary flexibility and
well-established techniques for aggregation (like star-joins and bitmap process-
ing). We present the overall architecture and the experimental performance results
from our implementation.

Keywords: Metadata, Acrhitectures, Data Warehouse Evolution, Performance
and scalability, Schema-Chaos.

Submission category: Regular Paper.

1 Introduction

Modern business data analysis requires input data from in-house applications, business
partners, syndicated data providers, etc. Business acquisitions, mergers, and partner-
ships add to the mix of data sources. The plethora of different schemas —even if the
data is consistent in semantics—, makes it impossible to index the data and very difficult
for query languages such as XQuery to aggregate the data. The only known approach
today is to map every single document into a canonical schema, ETL the data, and then
use indexing and SQL or XQuery on the canonical schema to perform aggregation.
However, the mapping approach is mostly manual, and it does not scale well with the
number of different sources. Traditional data warehouses have already demonstrated
that the capital cost of providing a unified view of the data, while hiding the diversity
of the underlying operational systems, is extremely high.
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Fig. 1. Example of SAP Order, PeopleSoft Order & SAP Product

Consider the two purchase orders in Figures[Ia) and[Ib). A typical example of an
OLAP query is to get the total amount of office supplies sales in 2005 grouped by the
state of the home address of the customer. If the data is already mapped to a common
schema —like that in Figure Pla)—, then the query can be specified using SQL (or
XQuery) as shown in Figure2(b). In reality, queries are more complicated, for example
when joins between orders and lineitems are required. However, the execution of such a
query does not only require that the data has been mapped to a common target schema,
but the problem is exacerbated by the fact that certain information does not appear
embedded in the order documents but needs to be “fetched” from other documents or
data sources. In the example, the requested product category might originate from the
UNSPSC[1]], the United Nations Standard for product categorizations. The evolving
needs and the required flexibility of modern business intelligence require “merging”
together an increasingly large corpus of data sources which very quickly obsoletes any
common target schema. Today, users might be happy with the UNSPSC categorization,
but tomorrow another product hierarchy might appear, and the target schema needs to
be updated and all the documents remapped.

Data warehouses classify data as dimensional (or reference) data and fact (or trans-
actional) data. Dimensional data typically includes customer information (like cus-
tomer address, income range, and age), or product information (like product id and
year of production), while fact information (like an order or a complaint) joins differ-
ent dimensional data (in this case customers and products). Facts include additional
transactional information (like the date when the order was placed) or measures (like
quantity or price for each ordered product). Fact data is bigger than dimensional data
by orders of magnitude. An OLAP query is typically processed as follows: (a) A part
of the dimensional entities is selected by applying predicates on the dimensional data
(like product.category="Office Supplies’ in our example). (b) A “slice” of the facts is
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SELECT state, sum(price)
FROM order, customer, product
WHERE order.cid=customer.id
and order.pid=product.id
and order.year=2005
and product.category=
’0ffice Supplies’
GROUP BY customer.state

Facts

Dimensions

() (b)

Fig. 2. Unified Warehouse Schema & Typical OLAP Query

selected using predicates on transactional data (in our example, using the predicate or-
der.year=2005). (c) The dimensional entities are joined with the facts (in our example,
the predicates order.cid=customer.id and order.pid=product.id). (d) Finally, the resulting
tuples are aggregated on the requested hierarchical levels, and the results are returned.

In this paper, we present a robust approach to the problem of aggregating repositories
of highly-heterogeneous data. Our main goal is to circumvent the intractable problem —
from a pragmatic point of view— of defining, maintaining, and most importantly using
hundreds or even thousands of different XML schemas (and probably different indexes
defined for each one) over the underlying data. Our approach exploits text-indexing and
well-established relational techniques for aggregation (including star-joins and bitmap
processing). More specifically, we target 90% of the queries in the document-centric
OLAP context by performing processing in the following stages: Apply a “red” filter
that is based on text-indexing techniques and quickly filters out the majority of irrel-
evant documents or document fragments. Apply a “blue” filter that removes the false
positives of the red filter by more thoroughly checking the validity of the selected doc-
uments. Apply a unified join that allows joining together dimensional information with
fact information using just two composite indexes.

Our solution greatly simplifies the management of the underlying documents without
requiring explicit mapping of their content to a unified common target schema. It exploits
recent, innovative techniques for data-driven discovery of primary/foreign relationships
and similarity of data attributes[2]. We strongly believe that the simplicity and flexibility
of our approach will provide the query robustness that business applications demand.

In particular, we make the following contributions: We introduce MAVIS (MAterial-
ized VIews for Schema chaos), a novel approach for handling schema-chaotic informa-
tion, by leveraging existing reliable and optimized technology we demonstrate that it is
possible to handle efficiently the document-centric/schema-chaos world today. We pro-
vide techniques for aggregating information in the document-centric/schema-chaotic
world. We demonstrate in detail the applicability and robustness of our approach and
finally we present the experimental results of our implementation.

Recently, there have been great advances in master data management (MDM) by
commercial products like IBM WebSphere Product Center (WPC) [3] or WebSphere
Customer Center (WCC) ([4]]). Furthermore, syndicated data providers offer invaluable
information to derive business insights, and in-house data (like sales, orders and com-
plaints) represents the core of an enterprise. Our approach fits nicely in this model,
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managing to bring together and process both “cleansed” dimensional information along
with proprietary fact data.

The remainder of the paper is organized as follows: Section[2lshows the overall sys-
tem architecture. Section 3 describes in detail all the components of our approach. The
experimental evaluation of our implementation is demonstrated in Sectiond using both
real and synthetic datasets. Section [3 discusses the related work, and our conclusions
are summarized in Section [6]

2 System Architecture

In this section we describe the overview of the architecture of our systems and introduce
the basic concepts of our approach.

The process of coming with a common schema and maintaining it, requires consid-
erable resources and time for applications that deal with thousands of schemas and mil-
lions of documents. In this document-centric OLAP scenario (schema-chaos world), our
goal is to provide aggregate results without having to define explicitly a target schema
and map all underlying documents to that schema.

In Figure Bl we depict a data-driven data warehouse system. Data from operational
(OLTP) systems like ERP, CRM, etc. are automatically connected (matched) ([2]],[5]])
to data in a Master Data Management (MDM) repository. The MDM repository con-
tains and maintains cleansed “dimensional” information about customers, products,
etc. The enterprise software industry has acknowledged the need for MDM using, for
example, [3] for product master data management, or [4] for customer master data man-
agement. Such cleansed MDM data with well defined semantics and meaningful slice-
dice queries provides meaningful results to Business Intelligence experts. However, the
transactional data is represented in a plethora of different (and continuously evolving)
schemas in an attempt to capture the nature of the underlying evolving applications. We
refer to this situation as schema-chaos world. Different data sources represent the same
semantic attribute in different ways. For example, two XML schemas can represent
price as /SAP460rder/Product/Price or /PeopleSoft/Item/Sold/Cost. The two syntacti-
cally different paths lead to the same semantic information , making it difficult to index
the data, and for query languages such as XQuery to process aggregation queries. It is
not practical to shred the XML documents due to the vast number of different schemas
and the complexity of the XML documents. The only known approach is to ETL every
single document using a common target schema, and then use XQuery on the trans-
formed data to perform aggregation. However, such a solution does not scale well with
the number of schemas.

In our system, the matcher component automatically links documents from the un-
derlying OLTP systems to the data in MDM repository. For example, for the SAP order
document in Figure [[{a), the matcher component links the order documents with the
information about ’Sally Kwan’ in the customer MDM repository and with the infor-
mation about the "Window’ product in the product MDM repository.

Other interesting (from the OLAP perspective) attributes like price or discount, that
do not explicitly appear in the MDM repositories are classified and annotated using
approaches like [6] and [2].
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The MAVIS (MAterialized VIews for Schema chaos) component we introduce in
this paper, provides the framework for performing OLAP analysis in the schema-chaos
world. More specifically it allows the efficient execution of slice/dice & group-by OLAP
queries with a performance comparable to that of an optimized warehouse.

For querying purposes, the user or the application can navigate the objects and spec-
ify constraints. For the query example in Figure 2Ib), the user could select the objects
order, customer, and product, and set the constraints “2005” for the order date, the
constraint “Office Supplies” for the product, pick the customer’s state as the grouping
attribute, and aggregate over the order price.

Our system currently provides the following: (a)Simplified architecture for execut-
ing the majority of OLAP queries, compared to SQL or XQuery. (b)Existing systems
that provide elaborate analytical models and user interfaces can work unchanged using
an automated translation from SQL queries to MAVIS queries. (c)All the content in
the underlying schema-chaotic documents can be used for slice/dice, and not only the
greatest common denominator that existing mapping techniques provide. (d)Leverages
existing optimized techniques helping the transition from fixed-schema or
semistructured-schema technology to fully schema-chaotic systems.

3 MAVIS (MAterialized Vlews for Schema-chaos)

In this section, we describe in detail our approach, called MAVIS, to perform document-
centric OLAP in the schema-chaos world. We describe in detail the MAVIS entities and
indexes, how to populate them, and how to use them for OLAP queries.

3.1 MAUVIS Definition

MAVIS targets the management, storage & indexing of both fact documents (like or-
ders, complaints or reviews) and reference data. MAVIS has a collection of entities,
and a set of indexes. The entities provide an abstraction of the information stored in the
underlying data sources. Along with the indexes, it is possible to apply local predicates
with high precision and perform joins very efficiently.

MAVIS Entity. For every single document in the repository, a variable number of
MAVIS entities is created. The number of entities is a function of the number of re-
peating objects inside a document. Figure ] depicts the general structure of a MAVIS
entity, and Figure[3lshows the corresponding MAVIS entities for the order document in
Figure[Ila). MAVIS entities have the following properties:

The Class-ID uniquely identifies the high-level business object of the document, i.e.
whether it is an order, a complaint, a review, a customer, a product. Documents with the
same business object are semantically clustered together. The classification based on
class allows MAVIS to avoid the problem of “mixing” information between different
clusters, even if the information is structurally equivalent. For example, both orders
and complaints reference the same customer and product information, but when we are
interested in sales we do not mix complaint documents into the aggregation process.

The Schema-ID uniquely identifies the schema of the underlying document. For ex-
ample, for orders with a schema like the one in Figure[[(a), an ID of *SAP460rder’ is
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Fig. 3. Automated Warehouse Architecture Fig.4. A MAVIS Entity

assigned, while for orders with a schema like the one in Figure[[(b), an ID of *People-
Soft’ is assigned. Every time a document with a new schema is processed, we create a
new unique id for that schema.

The Document-ID uniquely identifies the exact document that the MAVIS entity cor-
responds to. The Document-ID allows MAVIS to access the original document, when-
ever it is required. In Figure 3] we use Document-ID D1’ to refer to the document in
Figure[Ia).

The set of MAVIS entries consists of pairs (annotation tag, values) that annotate the
values which appear in the leaves of the document. These annotations allow MAVIS to
apply local predicates and describe the content of the document in a fixed “structured”
way. For example, customer names are represented using the tag ‘CustomerName’,
product names are represented with the tag ‘ProductName’, etc. Such annotations are
possible using annotation technologies like [[6]].

The set of MAVIS primary keys consists of pairs (primary key tag, value) that char-
acterize the primary keys in the document. These characterizations (along with MAVIS
foreign keys) make it possible to index and join facts with reference information. This
happens for all the documents in MAVIS regardless of their underlying schema. For
example, primary keys of customer information are represented by the primary key tag
‘CustomerKey’, primary keys to product information are represented by the primary
key tag ‘ProductKey’, etc.

The set of MAVIS foreign keys consists of pairs (foreign key tag, value) that charac-
terize the foreign keys in the document. The primary and foreign key characterizations
make it possible to index and join with reference information. This happens for all the
documents in MAVIS regardless of their underlying schema. For example, foreign keys
to customer information are represented by the foreign key tag ‘CustomerKey’, keys to
product information are represented by the foreign key tag ‘ProductKey’, etc. The au-
tomatic discovery and the characterization of keys can be automated using approaches

like [7],[2]] or [8].
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ClassiD Entries Foreign Keys ClassID Entries Foreign Keys
Order [Date, 23 Nov 2005] [GIbmerkE g3t Order [Date, 23 Nov 2005] [CustomerID, 8334]

SchemalD
SAP

SchemalD
[ProductKey, KLE]

[Name, Sally Kwan] SAP [Name, Sally Kwan] [ERductDREGE]

DocumentID [Address, S. Oak St] Documentlp | [Address, S. Oak St.]

D1 D1
[Quantity, 4] [Quantity, 6]

[Price, $56] [Price, $30]

Fig. 5. The MAVIS entities for the SAP Order in Figure[[(a)

Each document may correspond to more than one MAVIS entities. The exact number
depends on the number of repeatable objects inside the document. In our example,
the repeatable object product appears twice in a document, so there are two MAVIS
entities for the order document in Figure[Ila). The flexibility of the MAVIS entity allows
us to store all the information of an underlying document factoring out the complex,
hierarchical structure of the document (which can still be used by annotators or data
profiling tools).

We use the MAVIS entity to store both fact and reference information. The main
difference between fact and reference information is, that fact data has much richer
foreign key information. Reference data use foreign keys mostly to define hierarchies,
while facts combine many reference data by means of foreign keys (thus forming di-
mensions, that can be used for analysis). Although our system uses additional reference
information that MDM systems provide, we also choose to handle any additional in-
formation that appears in the transactional data, so that more interesting slice & dice
queries can be performed.

MAVIS Indexes. MAVIS uses the following indexes to allow for local predicate pro-
cessing and indexing: The Red Index allows for fast keyword search over the entire
corpus of documents. For example, for the two orders in Figures[I(a) and[I(b), the key-
word 2005’ qualifies both SAP and PeopleSoft documents, while the keyword ’San
Franscisco’ qualifies only the SAP order. As it is always the case with text indexing,
the red index produces false positives. In order to filter the false positives an exact pro-
cessing (called the Blue Filter) is applied. The Blue Filter is discussed in more detail in
Section[3.3l The Foreign Index is a composite index that covers all the MAVIS foreign
keys and the ClassID. For example, for the MAVIS entities in Figure[3] there are two
MAVIS foreign keys CustomerKey and ProductKey. The Foreign Index in this
case is a composite index on (ClassID, Foreign CustomerKey, Foreign ProductKey).
The ClassID uniquely identifies a high-level business object as described in Section[3.1]
The Primary Index is a composite index that covers all the MAVIS primary keys and
the ClassID.

3.2 Populating MAVIS

In this section we describe how we can populate the MAVIS entities with documents
from a large number of different schemas.

The population algorithm takes as input the corpus of highly-heterogeneous doc-
uments and creates the MAVIS entities and reference indexes. The algorithm parses
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one-by-one all the documents in the corpus and automatically profiles the contents of
the document. The annotation enriches the system’s understanding of the data (for ex-
ample, it annotates that a given leaf is a date, or a person’s name), while profiling iden-
tifies similarities among nodes and primary/foreign key dependencies.

After the processing , the document is “enriched” with additional metadata, includ-
ing: (a)The repeating objects in the document. For example, the object product in the
SAP460rder in Figure [T(a) or the item in the PeopleSoft Order in Figure[IIb). (b)The
foreign keys that reference other information. For example, /SAP460rder/customer/id
and /PeopleSoft/item/customer are foreign keys to reference customer information.
(c)The primary keys that uniquely identify such information. For example /SAP46
Order/orderid uniquely identifies order information. Primary key (just like foreign key)
discovery is data-driven, but can also be user-specified. (d)For example, /SAP460Order/
date and /PeopleSoft/item/date are dates, /SAP460rder/customer/name is a person’s
name, etc. This process is data-driven like the key discovery process. (e)The overall
class of the document is identified (like order, complaint or customer). For example, in
our case the documents in Figure[Tla) and Figure[[lb) are classified as orders.

MAVIS depends and builds on data-discovery and data-profiling technologies, and
is orthogonal to the advances that happen in these areas. Specialized annotators can be
written using a generalized framework (like [6]]) and relationships between objects can
be discovered using techniques like [2]], [9] or [8]]. Finally, the enriched object is indexed
on the red-filter. The annotations make it possible to use higher-level keywords to search
for documents, although those keywords never appeared in the original documents. For
example, consider the case where we are looking for orders by female customers and
that there is no sex attribute in the order that explicitly specifies the sex of the customer.
An annotator that can identify, whether a token in the document is a female name, can
be used easily to annotate accordingly.

We create one MAVIS entity for each repeating object in the document by repeating
the static, non-repeating information that appears in the document. This “flattening”
step simplifies the structural-chaos that different document schemas choose to organize
their information. This approach does not limit the generality of our approach, and it
is necessary to process the tree-like structure that semi-structure documents have using
existing OLAP technology.

3.3 Querying MAVIS

In this section, we describe how MAVIS entities, the red filter and the reference indexes
can be used to execute aggregation queries.

Since there is no explicit unified target schema, existing languages like SQL or
XQuery cannot directly be used to express an OLAP query in MAVIS. However, OLAP
queries typically follow the same pattern. Certain Reference data are selected using
predicates on attributes like customer income range, product categorizations, or store
locations. These predicates only affect the reference (dimensional) data. A “slice” of
the fact data is selected using predicates on attributes like order date, product price,
or quantity. Using MAVIS we do not have an explicit target schema, where those at-
tributes are mapped to. However, we use annotation tags to achieve the same result.
For example, although the price information is structured differently from one order
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Fig. 6. MAVIS OLAP Processing

schema to another, in MAVIS it is annotated as ‘price’ and stored in the MAVIS entries.
Finally, the slice of the fact data is joined with the reference data and the aggregation is
performed.

Figure [6] shows the processing steps. They correspond to the OLAP query pattern
described above. The user selects the high-level business objects, specifies constraints
on related attributes, chooses the grouping attributes and the aggregation to perform.

We explain the whole process using the query in Figure R(b). The user selects the
interesting high-level objects, orders, customers, and products, specifies the constraint
“2005” for year, “Office Supplies” for product, grouping attribute is customer’s state,
and finally the sum of the order’s price as the aggregation. The steps “Reference Se-
lection” and “Fact Selection”, i.e. the application of local predicates to reference and
fact data respectively, is executed using a Red-Blue filter approach which consists of
two parts. The first part (red-filtering) is approximate and efficient. It prunes irrelevant
to the query documents (or document fragments) using the text index. It has perfect
recall (i.e. it doesn’t miss any relevant documents) but also has a low precision since
it may return a large number of false positives. The second part (blue-filtering) filters
the false-positives using exact processing this time over the results that the red-filter
returns.

Finally the joining of the reference data with the facts happens using the reference
indexes and the grouping along with the aggregation is performed.

In this work, we focus on how the typical OLAP query can be executed on top of the
flexible MAVIS organization under reasonable performance expectations. Our imple-
mentation currently translates SQL-like queries that require the user to have knowledge
of the annotation types/schematics. The problem of using a “simpler” query paradigm
specifically for MAVIS is future work.

3.4 Prototype Implementation Using Rental Columns

Although the MAVIS framework is generic and can be implemented on top of relational
or semi-structured database management systems, we chose to implement it on top
of a relational database management system. Such systems are very mature providing
very efficient implementations of all the operations that MAVIS requires. Our goal is
not to design a “faster” system but rather a “flexible” one that can scale w.r.t. to the
plethora of different and evolving schemas and that can also perform under reasonable
expectations.

MAVIS entities are mapped to tuples of a single table using the novel concept of
“rental columns”. The red index is implemented using text indexing, and the
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Table 1. MAVIS Implementation using Rental Columns

[ I Entry Rental I Foreign Rental [[ Primary Rental |
| Class [Schema[Doc|[Map,[ Value; | Map, [Value,[...|[Foreign, [FValue, [Foreign, [FValue,[...[|Primary, [PValue,]...|
Order | SAP | D1 |[ Date |23 Nov 2005| Name | Sally [...[|CustKey| 8334 [ProdKey| KLE |...
Order | SAP | DI || Date |23 Nov 2005| Name | Sally |...||CustKey| 8334 (ProdKey| FGE |...
Order | People | D2 (| Date | 12 Sep 2005 ...|[CustKey| C345 |ProdKey| P3445 |...
Order | People | D2 || Date |10 Nov 2005 ...||CustKey| C121 |ProdKey| P4332 |...
Product| SAP | D3 Category | Office |... ...||ProdKey| KLE
Product| SAP | D3 Category| Glass |... ...||ProdKey| FGE

reference indexes are implemented using the composite indexing support of the un-
derlying DBMS provided.

In our prototype implementation, we represent one MAVIS entity in one tuple. The
variable number of entries, primary and foreign keys in a MAVIS entity, contradicts
the static nature of a relational schema. We introduce the concept of “rental columns”.
Conceptually, a rental column consists of two columns: the first column contains the
annotation, and the second column contains the MAVIS attribute value. We introduce
three types of rental columns that correspond one-to-one to the MAVIS attributes. More
specifically, we have:

Entry Rental Columns store the different MAVIS entries of a MAVIS entity. There
are three types of entry rental columns, String, TimeStamp, Numeric depending on the
basic type of the corresponding MAVIS entry.

Primary Key Rental Columns store the MAVIS primary keys, that appear in a MAVIS
entity. All the keys are converted to a string datatype in order to avoid the need of having
many different kinds of primary key rental columns. Since primary keys are only used
for equi-joins in MAVIS the conversion does not hurt the generality of the solution.

Foreign Key Rental Columns store the MAVIS foreign keys of a MAVIS entity. As
for the primary keys, the foreign key rental columns have a string datatype and the cor-
responding data in the underlying documents are converted to strings, without affecting
the generality of the solution.

We chose a fixed number of rental columns in our prototype implementation to ac-
commodate the maximum number of attributes in a MAVIS entity. Table [[ shows the
representation of the MAVIS entities in Figure 3l Columns Class, Schema and Doc
correspond to the ClassID, SchemalD and DocumentID of the MAVIS entity.

The rental columns (Map;, Value ;) map to the corresponding MAVIS entries. For ex-
ample, the pair (Map,Value;) corresponds to the date MAVIS entry for the SAP Order
in Figure [[la), and has a type of timestamp. (Map,,Value,) corresponds to the cus-
tomer name and has a type of string. The rental columns (Foreign;, Value;) correspond
to the discovered foreign keys in the MAVIS entities. In our SAP order example, we see
that (Foreign,Value)) corresponds to a customer key, while (Foreign,Value;) corre-
sponds to a product key. Similarly for the PeopleSoft order in Figure[I(b), the rental col-
umn (Map,Value;) contains the Date of the Order, the rental column (Map,, Value;)
contains the Name of the customer and (Maps,Values) column contains the price of
the ordered product. Customer and product key are stored in (Foreign;,Values) and
(Foreigny,Values) respectively.

Rental columns are well-suited with column-oriented DBMS’s (like for example
[1Q]). Traditional tuple-oriented DBMS’s may “suffer” from the possible large number
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of NULLS that need to be storedEl However even then, we believe that the flexibility of
our approach outweighs the storage overhead.

The red index was implemented using the text indexing support that the RDBMS
supports. The underlying documents are text indexed. At query time, the result of the
text index query part is a set of document ID’s, that match the specified keywords.

The blue filter was implemented using a rewrite technique that maps the local predi-
cates to a large CASE statement in SQL. For our toy example, the select statement that
was generated for the blue filter for orders and products are:

CREATE VIEW FilteredProducts AS
SELECT Class, Schema, Doc,
CASE
when Mapl=’Category’ then Valuel
when Map2=’Category’ then Value2
when Map3=’Category’ then Value3

CREATE VIEW FilteredOrders AS
SELECT Class, Schema, Doc,
CASE
when Mapl=’Date’ then Valuel
when Map2=’Date’ then Value2
when Map3=’Date’ then Value3

END as Category,...
FROM MAVIS
WHERE Class=Product
and Category contains ’0ffice Supplies’

END as Date,...
FROM MAVIS
WHERE Date contains ’2005’ and Class=0rder

which -conceptually- go over all the rental columns one-by-one looking for the rental
column where the order Date was stored. Modern DBMS however, optimize the execu-
tion of such CASE statements, minimizing the required processing.

The join between the fact and the dimensional data is implemented by generating a
SQL statement like the one depicted in Figure[/l FilteredOrders and Filtered
Products are the results that we get after applying the local predicates on the facts and
the dimensional data respectively. Both, FilteredOrders and Filtered
Products are essentially projections of one MAVIS table. The primary and foreign
keys are stored in the MAVIS table but are potentially scattered around in different
rental columns. The WHERE clause joins the two projections regardless of the rental
columns where the primary/foreign keys appear. In this example, we assume that the
primary key might be stored in two different rental columns (Primary;,Value;) or
(Primary,,Value,) and that the foreign key might be stored in two other rental columns.
That’s the reason, why we have four combinations for the join between orders and prod-
ucts. Exactly the same reason holds for the join between orders and customers.

In the general case with F rental columns for foreign keys and P rental columns for
primary keys, the join between the facts and one dimension will require a conjunctive
clause of size F - K. If we use the symbol d to represent the number of dimensions, then
the complete join between the facts and all the dimensions will require exactly d - F - K
terms.

The join statement in Figure [7] looks pretty complex, considering that it only ad-
dresses two primary rental columns and two rental columns. Indeed the generated
queries are expected to be relatively big and in our implementation we had to prop-
erly tweak the optimizer so that it doesn’t abort the optimization of the query. More
specifically we had to force an optimal plan, in the sense that: (a)The MAVIS primary
index and the MAVIS foreign index are used since they provide full coverage for the

! Recent versions of commercial RDBMS optimize the storage of NULLSs and not suffer from
that problem.
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CREATE VIEW JoinResult AS

SELECT Fact.Price, Cust.State

FROM FilteredOrders as Fact, FilteredProduct as Prod, MAVIS as Cust

WHERE

(*¥Join Orders and Products*)

((Fact.Foreignl="ProdKey’ and Prod.Primaryl=’ProdKey’ and Fact.FValuel=Prod.PValuel) or
(Fact.Foreign2=’ProdKey’ and Prod.Primaryl=’ProdKey’ and Fact.FValue2=Prod.PValuel) or
(Fact.Foreigni=’ProdKey’ and Prod.Primary2=’ProdKey’ and Fact.FValuel=Prod.PValue2) or
(Fact.Foreign2=’ProdKey’ and Prod.Primary2=’ProdKey’ and Fact.FValue2=Prod.PValue2))
and
(*Join Orders and Customers*)
((Fact.Foreignl=’CustKey’ and Cust.Primaryl=’CustKey’ and Fact.FValuel=Cust.PValuel) or
(Fact.Foreign2=’CustKey’ and Cust.Primaryl=’CustKey’ and Fact.FValue2=Cust.PValuel) or
(Fact.Foreigni=’CustKey’ and Cust.Primary2=’CustKey’ and Fact.FValuel=Cust.PValue2) or
(Fact.Foreign2=’CustKey’ and Cust.Primary2=’CustKey’ and Fact.FValue2=Cust.PValue2))

Fig.7. MAVIS Join between Orders, Products and Customers

where clause, and, (b)Using bitmap indexes to represent the MAVIS primary and for-
eign index, the system performs a star-join, that minimizes the I/O by fetching only the
necessary tuples for the facts.

The above observations are the main reasons why the performance of the MAVIS ap-
proach is surprisingly very close to the performance of an optimized and well-designed
warehouse, as we will demonstrate in the subsequent experimental section.

4 Experiments

In this section we describe the experimental results from our initial implementation of
MAVIS using an industrial strength RDBMS as backbone. All the experiments were
run on a Pentium 4 Machine running at 2GHz, with 1GB of main memory and 120GB
of disk space.

4.1 Performance Evaluation

In order to provide a controlled environment for evaluation, we used a synthetically
generated dataset consisting of four dimensions that models a typical warehouse with
orders/lineitems, products, customers and suppliers. All dimensions have hierarchies
associated with them.

The well-designed relational data warehouse provides the baseline performance. We
defined indexes on the primary and the foreign keys in the relational warehouse. No
materialized views were defined. In Figure[§(a), we depict the performance of MAVIS
compared with a well-designed relational implementation of the data. The y-axis shows
the execution time for a three way join query. The performance of MAVIS is surpris-
ingly close to the performance of the well-designed warehouse. The bottleneck in pro-
cessing typical OLAP queries is the cost of joining the dimensional/hierarchical ta-
bles with the facts. In MAVIS the query optimizer picked a plan that corresponds to a
star join query and hence, produced comparable performance numbers. The additional
overhead has to do with the bigger size of the two composite indexes that are used in
MAVIS.

We scaled the size of the warehouse by scaling the number of tuples of the fact table
as depicted in Figure [B(b) where x represents the scale factor in thousands. A scale
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factor of 30 corresponds to 30,000 customers and 1,500,000 orders. In Figure [Ofa) we
show the behavior of MAVIS in comparison to the well-designed relational warehouse
for various scale factors.

In Figure P(b) we scale the number of schemas in order to evaluate the behavior of
MAVIS for very heterogeneous repositories. We see that MAVIS scales almost linearly
with the number of schemas making it appropriate for the schema-chaos world.

The use of rental columns for MAVIS affects negatively the required storage, since
it actually increases the tuple size. In our implementation, we minimized the overhead
of a rental column by using varchar(s), which require minimal storage when empty.
When compared to the optimized relational OLAP system we typically required about
two times more storage. However, this storage overhead is being offset by two crucial
factors: the flexibility, adaptation and ability to work in schema-chaotic environments
and the fact that the storage MAVIS requires is much smaller than that required to store
the actual semi-structured documents we are interested in analyzing.

5 Related Work

In this section, we describe related work to our approach from several different
perspectives.
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The problem of schema matching, or ontology alignment, has received significant
attention from the database and the Artificial Intelligence community. A comparison
and discussion of the different approaches is presented in and [13]]. Schema match-
ing finds expressions that relate data in multiple data sources, and uses the discovered
expressions to map the data from one schema to another. [16] provides a survey of
schema matching approaches. A very ambitious approach that leverages knowledge
from different schemas and mappings in order to discover matches between with new,
unseen schemas is described in [9]]. An equally ambitious approach that attempts to au-
tomatically integrate continuously changing and evolving schemas is described in [2].
Such data-driven techniques are of great importance to our approach as they provide the
basic framework to automatically understand the underlying data. In the notion of
“dataspace” is introduced to address the problem of managing a large number of diverse
and often interrelated data sources within organizations. Recently, a lot of annotation
techniques have been developed and their importance has been recognized by frame-
works such as [6]. Although, annotations help the mechanical understanding of con-
tent, they do not help with the interactions or relationships between documents. Read-
optimized DBMSs that use “vertical” data storage instead of the traditional “horizontal”
storage, have been currently shown to outperform popular commercial systems. Exam-
ples of such systems include C-Store[10], Sybase IQ[18/19], Addamark[20], KDB[21]],
Bubba[22] and Monet[23]. The performance benefits of such systems, mainly stems
from the fact that any I/O brings only data that are 100% relevant to a given query,
unlike traditional DBMS where a relatively small percentage of each tuple is used.

6 Conclusions

We have described a scalable and robust solution for executing OLAP queries in the
document-centric, schema-chaotic world. The same semantic information appears in dif-
ferent places in different document schemas, making indexing almost impossible, and for
query languages such as XQuery very difficult to express the aggregation query. MAVIS
is a flexible solution that combines text-indexing with well-established techniques for
aggregation like star-joins and bitmap processing. We demonstrated the robustness and
performance of our implementation. Our solution can work on top of existing OLAP
installations and can be used to bridge the transition from the fixed-schema and semi-
structure world to a schema-chaotic world. We have demonstrated that existing reliable
and optimized technology can be used to handle the performance aspects of the very de-
manding schema-chaos world. The experimental evaluation from our current implemen-
tation shows a small performance degradation when compared to an optimized relational
design, butin exchange it provides much better flexibility and adaptation to new schemas.
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Abstract. As value networks evolve, we observe the phenomenon of businesses
consolidating through mergers and businesses disaggregating and then virtually
“re-merging” dynamically to respond to new opportunities. But these constitu-
ent businesses were not built in any standard way, and neither were their IT sys-
tems. An example in the industrial sector is the need to merge product and
parts catalogs, and selectively share customer data. Companies that merge can
spend a year integrating their catalogs, by which its time for the next deal. As
such, business object integration has become a key aspect of today’s enterprise.
In this paper we describe an innovation where, by integrating product data man-
agement (PDM) systems that manage business objects into Extract-Transform-
Load (ETL) technology, we can provide a novel cross-industry solution which
can be used in a variety of industries.
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1 Introduction

As business systems have consistently expanded throughout the enterprise, the need
for multiple systems with different architectures to inter-operate becomes ever more
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important. To make this happen, enterprises are turning to higher level software, such
as the solutions provided by SAP, Oracle’s PeopleSoft, Siebel, and the IBM Web-
sphere Product Center, to manage their business objects directly. Existing work in this
area mainly focuses on how to design business objects in business systems and how to
use them in business processes [3, 4, 10, and 11]. The goal of efficient management
of distributed information has become progressively more difficult because of in-
creasing heterogeneity and rapid churn. As cited in [5], the major trends of Enterprise
Information Integration (EII) and Enterprise Application Integration (EAI) are over-
lapping and creating a further integration problem.

Every important entity in a business can be represented as a business object. Busi-
ness objects are then composed into schema models that capture the semantics of
business concepts and are directly useful for business processes. They represent the
key concepts that a business needs to operate such as people, services, and whatever
is sold. Business objects are used directly by business developers to implement busi-
ness functions. Examples of commercially available product data management (PDM)
systems that manage business objects are already mentioned above. However, be-
cause of their intrinsic complexity and the fact that they come from different vendors,
such products do not interoperate with each other. Most PDM systems represent busi-
ness objects in terms of a master data management (MDM) system and store them in a
backend data store using a relational database. Any techniques for transformation
must be able to access these backend data stores. But naive access to these objects
may have unintended consequences, caused by the semantics of the data and the rela-
tionships and constraints required of the data. As a result, conventional approaches to
integration may not provide an adequate solution.

Our project, Callisto, originated as an IBM Extreme Blue project http://
www.ibm.com/extremeblue aimed to study master data integration requirements and
develop a prototype information integration system that leverages current data man-
agement technology. We will illustrate the approach with meaningful examples
drawn from the retail industry. In this paper, we start with business entities that are
represented by hierarchical or multidimensional objects that are in turn supported by
products such as SAP, IBM WPC, etc. We will show how they can be managed or
analysed by application toolsets such as IBM DWE, Microsoft SQL Server Integra-
tion Services (SSIS), Oracle Workflow Builder, etc. that understand relational data
and business intelligence. By combining these two product sets in this novel way we
can provide an integration framework to do management, mining and analytics on
disparate master data systems.

2 Why Bring Business Objects into ETL Tools?

Accessing disparate business objects can be complex due to business objects being
compound versions of the data embedded inside many databases and unstructured
data sources. Depending on how they are represented and derived, they can suffer
from problems of inconsistency and misinterpretation. Business functions are about
managing business objects and, while based on typical and existing system functions,
they therefore suffer the same fate. Such a separation of business concepts and system
implementation in theory enables a business developer to construct business
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components without detailed knowledge of underlying software technologies, such as
specific programming languages, communication protocols and database systems, etc.
Traditionally, each business process is built as an application system, which encapsu-
lates the specific task. When business objects are embedded in applications, it is dan-
gerous to inter-operate without a deep understanding of the semantics of each of the
applications, and this understanding often requires an understanding of the implemen-
tation. This makes such business process integration difficult [5].

Integration is usually tackled using one of four main techniques: transformation
tools such as Extraction-Transformation-Loading (ETL), replication, database gate-
ways, and virtual data federation. ETL tools are pieces of software responsible for the
extraction of data from several sources, cleansing the data, and customized insertion
of the data into a data warehouse.

Today’s commercially available ETL products are exemplified by the IBM SQL
Warehousing (SQW) component within the IBM Data Warehouse Edition (DWE)
product, the Oracle Workflow Builder (OWB) within the Oracle Warehouse Man-
agement product, and the Microsoft SQL Server Integration Services (SSIS) within
the SQL Server 2005 product. These products are able to support data provisioning
processes that exhibit complex data flow. Examples of previous ETL work that has
focused on the modelling and managing of the ETL processes can be found in [3].

The user of ETL tools can focus on the semantic mapping from a data source to a
data target and then let the ETL tool take care of the underlying transformation de-
tails. But current ETL technology only supports the lower level software data (e.g.
data inside a DBMS). In short, there is an “impedance mismatch" between business-
object-aware software (e.g. SAP, IBM WPC) and business intelligence toolsets (e.g.
IBM DWE) which provide real time decision support systems for an enterprise. To
keep the business objects encapsulated and consistent, and to make business objects
transformation easier and smoother, there is an opportunity to use these two toolsets
in a more synergetic way. That is the main idea of Callisto.

3 Callisto: Motivation and Challenges

In this section, we describe more of the motivation behind our Callisto project and
show some of the challenges that face a business object integration project using ETL
technology.

3.1 WPC Business Objects

The Websphere Product Center (WPC) is a product information management (PIM)
system that provides a centralized repository for an enterprise's master data. Like most
other business objects systems, e.g. SAP, Oracle PeopleSoft, this information is main-
tained in a relational database in the back end, but is presented to the user as business
objects in a way that is rich enough to support a realistic business environment such
as may be found in a retail business. Items belong to Categories, and Categories are
organized into Hierarchies. Hierarchies are an especially useful feature of the WPC,
and are a good example of how business objects simplify user interaction: a user can
organize and view the categories in different hierarchies and can create different
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catalogs for the same item set. A complete overview of WPC schema model will be
given later in section 5.2.

We chose to use the Websphere Product Center as our proof of concept project to
test the idea of using ETL tools to accelerate integration. Consider the following
scenarios:

1. Business intelligence: Because the WPC stores valuable master data, we would
like to be able to use this information for analysis. For instance, combining
transactional data with categorical information from the WPC could allow for
analysis of optimal item categorizations. ETL technology is advantageous for
this type of scenario because it provides a way to link into business intelligence
tools: once information is exposed to the ETL through Callisto, the ETL itself can
then be used to manipulate the data to place it into a data warehouse for analysis.

2. Trading partner collaboration: Trading partners wishing to collaborate need ac-
cess to the other partner's information, but if one partner is using WPC and the
other partner a relational database, there is no easy way to transfer information
between the two systems. By using Callisto, the business using the WPC can ex-
pose its business objects selectively, and in a way the other business can use, and
the ETL itself can be used to massage this relational data so that it can be ex-
changed easily.

3. Global data synchronization: It is common for businesses to use a single WPC
instance as a master information repository and also have redundant information
stored in relational systems throughout the enterprise. To synchronize the WPC
and such systems, it is necessary to expose the business objects in an ETL tool so
that they can be mapped to schemas suitable for use by the other systems (and
vice versa).

4. Catalog construction: Catalog construction (including catalog merging) is similar
to data synchronization in the sense that the initial construction of a WPC in-
stance requires the use of other various types of datastores. To speed up the
deployment of a new catalog, Callisto could be used to extract, rather than
synchronize, information from various data sources.

3.2 Integration Challenges

Current ETL technology supports relational formats, such as relational database ta-
bles, and some file system formats, such as CSV files, etc. To represent business ob-
jects inside of the ETL, we must find a way to describe business objects in a relational
format without resorting to examining how the business objects are implemented and
stored. In essence, we must create custom ETL operators that expose the required in-
formation. This is not an easy task because business objects are often semi-
structured, as in the case of WPC. The following are some key challenges:

1. The relational presentation of a business object must be as rich as the original ob-
ject. That is, information about the business object should not be lost when the
object is represented in a relational way. In addition, the information presented in
the relational view must be presented in a way that is useful.
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2. In many business-oriented systems, there is no clear boundary between data and
metadata. An ETL system requires operators to expose metadata while a data-
flow is designed, and to manipulate the data during runtime.

3. Different business objects of the same type may not share common properties, so
that there is not necessarily a common relational representation for different in-
stances of a type of business object. For instance, a retail Category business ob-
ject may be represented as a table with columns for 'name' and 'price’, but another
Category object may require 'UPC' and 'description. However, both are called
Category objects, and so we cannot always decide on relational representations
for an entire class of such objects.

4. Business objects and their relational views must relate to each other in a consis-
tent, complete, and useful way. For instance, it is common for one business
object to reference another; say, for a person object to reference a department
object, thus capturing the relationship that the person is employed by the depart-
ment. Thus, when multiple business objects are represented in multiple
relational tables, if one objects references another, that information must be suita-
bly and consistently encoded wherever it is represented in the relational tables.

4 TIllustrative Scenarios and Use Cases

In this section, we describe several use cases that make clear the requirements for in-
tegration of WPC business objects using an ETL toolset. A procedure to execute each
use case is also given here for illustration. Note that the solution for each use case is
very similar to any regular ETL based solution. The difference is that instead of using
typical ETL operators such as join, union, etc. Callisto’s solution uses its own cus-
tomized operators for WPC business objects. Some of the value will become clearer
in later sections when we describe the Callisto internal design and run time engine.

4.1 Use Case 1

Our first scenario will focus on master data integration; a typical customer pain-point
of most master data management systems. WPC catalog building is a semi-automatic
process that can require a substantial amount of skill and manpower to deploy. This
process could be more complex and involved when there is a need for master data in-
tegration. In this scenario Callisto’s aim is to see whether the process integration of
new data into the WPC master catalog can be simplified.

Situation: In a fictitious example, WorldMart, the world’s largest retail chain, plans
to expand its product portfolio by acquiring HomeMart. The acquisition needs to be
completed by integrating WorldMart’s product catalog with HomeMart’s various data
sources.

System Environment: WorldMart uses the IBM Websphere Product Center to cen-
trally manage its product catalog information. HomeMart’s product, suppliers, stores,
and pricing information are scattered throughout different systems and suppliers’
databases.
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Limitation: WorldMart’s upper management has required that the integration of
HomeMart’s product information into WorldMart be completed in three months.
However WorldMart’s systems group estimates that this could take much longer if
they have to use ‘import’ and ‘export’ functions, such as those found in WPC, for dif-
ferent HomeMart’s product data silos. Instead we will develop ‘Item Import’ and
‘Item Export’ ETL operators that will be defined in more detail in the next section.

Solution using Callisto

1. Define data source: HomeMart’s product information using Callisto’s opera-
tor ‘Item Export’

2. Define target source: WorldMart’s WPC product catalog using Callisto’s
operator “Item Import”.

3. Connect date source and target using metadata mapping.

4. Complete and dynamically execute Callisto dataflow.

5. Load Data into WorldMart’s Master Catalog.

4.2 Use Case 2

Our second scenario shows how Callisto can allow BI queries to be entered against
the master data that is found in WPC. Traditionally, BI tools were limited to analyz-
ing transactional data only and business systems such as WPC do not support business
intelligence.

Situation: A fictitious online bookseller, Book4Sale.com, found that the sales of its
Harry Potter books grew two-fold when it changed the category from “Children” to
“Fantasy”. Changing categories can dramatically boost sales. Book4Sale.com would
like to analyze the past trends of its sales to determine the optimal category for its
products.

System Environment: The bookseller uses the IBM Websphere Product Center to
centrally manage its products and categories. WPC manages Book4Sale catalog but it
does not have the ability of a Business Intelligence tool such as reporting and analysis
for evaluating product trends.

Limitation: Conventional data export techniques are too slow to react to the high
volume of daily catalog changes. Failing to spot a bad branding or categorization can
lead to a huge loss. In addition, peak sales trends may be missed by slow, conven-
tional techniques.

Solution using Callisto

1. Define data source using Callisto’s operator ‘Item Sources’

2. Add the ETL existing operator “Current Time’

3. Define BI using Callisto’s operator ‘SCD’ (a.k.a. ‘Slow Changing
Dimension’).

4. Complete and execute Callisto dataflow

Load Master Data into ETL toolset like SQW.

6. Analyze Results using any reporting and analysis experiment, we use IBM
Alphablox and data mining tools.

b
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5 Callisto Architecture and Implementation

5.1 Architecture

Callisto, as depicted in Figure 1, is essentially implemented as a set of plug-ins
around an ETL system. Our implementation used Eclipse plug-ins to the IBM Data
warehouse Edition (DWE) toolset called SQL Warehousing (SQW)I. Callisto ex-
tracts and loads information into the WPC using the scripting mechanism and a JSP
interface. Callisto also transforms information to and from the hierarchical format
that the WPC uses by examining a model of WPC business objects. Finally, Callisto
presents and receives relational representations of WPC information from the ETL
tools set. The ETL tools set provide support for transforming relational information
and connectivity to various relational systems, thus allowing WPC information to be
integrated into the ETL tools set along with other BI and transformational operators.

We developed a set of ‘customized’ WPC operators within the SQW design studio,
which represent the business objects for Import and Export functions in WPC:

1. Item Export: Export a category of items from the WPC. The items contain
the values of their attributes as columns in a table.

2. Item Import: Import a category of items into the WPC, with attribute
information.

3. Hierarchy Export: Export a hierarchy from the WPC, where parent-child
relationships are maintained using paths and parent/child columns.

4. Hierarchy Import: Import a hierarchy into the WPC, while maintaining
parent/child relationships.

Users may use the Callisto operators in the same way that they would use typical ETL
operators within the SQW toolset. As such, the DWE and Callisto infrastructure pro-
vides a unified framework to do mining and analytics on WPC master data that oth-
erwise would not be easily possible.

Callisto operates by analogy with existing DWE toolset. For both use cases in
above section 4.1 and 4.2, Callisto first examines a WPC instance and reads relevant
catalog schema information. This information is used to dynamically populate an
Eclipse Modeling Framework (EMF) model of the WPC instance. Thus, the model
provides information that categories are related, hierarchies have these categories, etc.
This model is the foundation of the rest of Callisto.

With a model in hand, user can drag and drop the Callisto operators into an ETL
dataflow. Depending upon the operator chosen, the user must select different aspects
of the WPC instance in order to create the operator. For instance, in Use case 1, when
using Item Export, a user would browse a WPC instance and select a particular cate-
gory of items to export from HomeMart.

! Like most commercially available ETL toolset, SQW provides a framework called the Data
Flow. The data flow is an extensible framework that allows users to build data extraction,
transformation and load sequences as a flow of ‘Operators’. The SQW also allows the addi-
tion of Custom operator libraries, where developers can provide operators to represent their
own customized processing in the form of plugins. [15].
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Fig. 1. Callisto Architecture

Callisto provides a code generator for each operator, which generates script that
performs the required WPC operation. For example, a Hierarchy Export operator
causes the generation of a WPC script that involves exporting the whole hierarchy be-
ing exported from the source catalog to the target catalog without user’s intervention.
In Use Case 1, user can select the whole ‘Home’ hierarchy within the HomeMart
catalog to be export to the target ‘Household’ hierarchy in the WorldMart catalog.

Finally, Callisto provides a runtime so that data flows using Callisto operators can
be executed. This runtime uses a script-generation technique to create scripts to
communicate with a WPC instance, sending or receiving information form as
required.

5.2 Callisto MDM Schema Model

Websphere Product Center (WPC) is a product information repository. The “core ob-
jects” in the WPC are catalogs, items, attributes, category trees (a.k.a. hierarchies) and
categories (a.k.a. hierarchy nodes). Aftributes hold values or group other attributes.
Attributes are defined through specifications (a.k.a. specs).

Items make up the primary data element in WPC. They are typically represented as
SKUs, individual products etc. Catalogs are the containers for items. An item belongs
to one an only one catalog. Each catalog has one primary specification that defines the
attributes that all the items in that catalog share.

Category trees are hierarchical arrangements of categories. This provides users with
different “views” into the same set of data. Hierarchies are built and stored separately
from items and catalogs. This enables the same hierarchy to be deployed in multiple
catalogs, and also allows items in a catalog to be viewed in multiple hierarchies.

Items are mapped to categories. Categories defined specific attributes for the items
mapped to them through secondary specifications.
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5.3 Callisto UML Data Model

In Callisto, we use IBM Rational Rose [14] to model WPC objects. This UML tool
defines data models in a higher abstracted level using a set of well-defined graphical
tools. Figure 2 shows the Callisto data model.

Each WPC object is modeled as a standard class. And their containment relation-
ships are modeled as aggregation relationships in the Rose model.

The Eclipse Modeling Framework (EMF) [2] is a Java framework for generating
tools and other applications based simple class models. After modeling the above two
steps, these models are exported as EMF ‘ecore’ (Eclipse modeling framework core)
models.

EMF uses these ‘ecore’ models and generates customizable Java code that can then
be used to manage the life cycle of these business objects, including their relation-
ships as well as provides means of serializing and de-serializing these objects as
XML/XMI files.

Note that our UML model of business objects is incomplete and is a simplification;
however, it is sufficient and simple for us to use in this prototype. The code gener-
ated from the UML and EMF artifacts are what we refer to as the “WPC model’.
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Fig. 2. Callisto MDM Data Model

5.4 Callisto Implementation

Callisto has both a design time and runtime component. We will first describe the
runtime in Figure 3.
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Figure 3 shows a cloud representing the sources of data that the ETL runtime is ca-
pable of connecting to. This can be essentially any form of data, as the runtime is ca-
pable of invoking arbitrary Java classes at run time. So as long as an adapter Java
class is created, the runtime can connect to anything. The runtime itself currently has
adapters for databases that use JDBC, along with a few other special data sources and
sinks.

The ETL Data flow code generator creates an execution plan that is woven together
from the generated code of the operators connected in the Data flow designer. The
Callisto operator code generators generate WPC scripts corresponding to the operator
properties that the user set. The ETL runtime takes care of moving the data around in
Virtual Tables for the runtime code to use.
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Fig. 3. Callisto runtime interactions

The Callisto component generates WPC scripting code to perform its work; the
ETL runtime uses a Java runner [1] to invoke the Callisto runtime Java class which
executes the WPC code (and using the generated script as input) remotely against the
WPC instance. The ETL runtime can run any executable, including a Java class.
WPC script generation is performed at code generation time and these serialized
scripts are directly referenced by the generated code. For instance, to export items,
Callisto generates a script that pulls all items from a category. Then at runtime, this
script is executed via an ‘execution plan’ which can be run (or scheduled) using the
SQW runtime component.

The runtime component of the ETL takes care of running the execution plan and
moving the data around from component to component. In a production environment,
it would typically run inside of an IBM Websphere Application Server that is running
other business logic applications. For our purposes, it can also be housed inside the
same Eclipse instance as the design environment.
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Figure 3 also shows some other elements of the Callisto runtime that are now
described.

The Data Warehouse component represents a generic data warehouse; it may be a
database like DB2 with an associated Business intelligence tool and data mining
components. Regardless of its form, the data warehouse represents one possible final
destination for the data extracted from WPC.

The WPC is a J2EE application that we are using as our source (or target of trans-
formed items) of catalog data. The instances of WPC are the web applications run-
ning inside of an application server. Connections to the backend WPC storage data-
base will usually occur over a network. WPC information is stored as tables in DB2,
however this information is “internal” and only very specific API is allowed to ma-
nipulate the WPC catalog. WPC provides a web based interface to present the catalog
in a hierarchical format to the end user, as well as provides an administration interface
to maintain the product catalog.

WPC uses a DB2 database to store its information. A DB2 instance is also used
by the ETL runtime engine as its SQL execution database as well as a repository for
staging temporary content.

We now describe the Callisto design time that is shown in Figure 4. The elements
of Figure 4 are as follows.

The Eclipse platform provides a graphical workbench and extendible plug in archi-
tecture. The ETL design tools use Eclipse as part of the editing environment. By
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Fig. 4. Callisto design structure
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registering Callisto with ETL, the ETL platform becomes aware of its existence and
makes it available to the designers of a dataflow, where it can be used like any other
Data flow operator.

The ETL plug-ins for Eclipse also contains the graphical designer and associated
pieces and the Data flow code generator. Once a dataflow is developed, the Data flow
code generating system compiles the operators into an Execution Plan Graph that can
be executed on the ETL runtime. The ETL runtime thus will be able to invoke the
Callisto Java runtime classes with input the WPC scripts that are generated by Cal-
listo’s code generators. The Callisto operators appear in the Data flow design tool as
regular operators.

Figure 5 shows a screen shot that captures Callisto at run time for the second sce-
nario where on the top right hand section shows the SQW Design Studio area. In this
area, several SQW pre-defined operators (Add Current Time operator and Slowly
Changing Dimension operator) and one Callisto operator, WPC Item Source operator,
are shown. They were selected from the operators’ palette at the right hand side of the
Design Studio. When the WPC Item Source operator is defined or clicked from the
palette, SWQ Design Studio, acting on behalf of Callisto, will open up an instance of
Book4Sale catalog. From this catalog, which appears in the bottom right hand pane of
Figure 3, user selects Fantasy category and can see that this category is defined by 2
attributes: id and name. When the data flow is run, this operator will connect the WPC
instance and present this selected item source, namely Fantasy, in the WPC category
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as a relational table to the next SQW operator, Current Time, which will then add
time stamps information to this selected WPC category. The last SQW operator in the
second scenario is the Slowly Changing Dimension operator. It takes the input data
from previous operators, WPC Item Source and Current Time, and merges it with ex-
isting data in the data warehouse. Once the dataflow is run and complete, the new
information will be available for analysis with a reporting tool such as IBM
Alphablox.

6 Conclusion

We have demonstrated that by adding some conceptually simple Java-based operators
to a transformation tool business objects can be simply integrated, assembled or
disassembled.

Our approach has been relatively simple and makes use of commonly available
technology: we use UML and EMF modeling, which captures the key constraints be-
tween objects, to generate Java code. The Java code is used to present relational rep-
resentations of selected business object instances based on the object's state. Finally,
custom operators use these Java objects to present clean relational table schemas
(virtual tables) to the rest of the ETL transformation framework.

While we are only able to provide initial results at this point, we believe there can
be some encouragement that existing business intelligence tools can be combined in
this novel way to address data residing in relational database systems and therefore
simplify and improve some approaches to data integration and business intelligence.

Further experiences and development of more and richer operators for different
master data system such as SAP, PeopleSoft and Siebel would make mergers with
Callisto within the ETL toolset even more widely applicable.
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Abstract. The emergence of a range of new technologies like auto-
identification devices, active tags, and smart items has impacted profoundly on
business software solutions such as supply chain management, logistics, and in-
ventory control. Integration of automatic data acquisition with enterprise appli-
cations as well as potential to provide real-time analytic functionality is opening
new avenues for business process automation. In this paper, we propose a novel
application of these technologies in a retailing environment leading to the vision
of a smart shop floor. We firstly present the infrastructure for the smart shop
floor. We then demonstrate how the proposed infrastructure is feasible and con-
ducive to real-time acquisition of buyer behaviour data through three selected
queries. Complete algorithmic solutions to each query are presented to provide
proof of concept, and further deliberations on analytic potential of the proposed
infrastructure are also provided.

Topic: Data Capture in Real-time.

Category: Regular Paper.

1 Introduction

It is evident from mandates from retailing giants such as Wal-Mart and Metro, manu-
facturers like Proctor & Gamble, and several initiatives within public sector, that
technologies built on smart identification devices and wireless communication proto-
cols will, and have already, become an inherent aspect of business operations. These
technologies are providing unprecedented potential for business process automation,
changing profoundly the expectations of data scale and quality and system
responsiveness.

The notion of smart items has been proposed [1] to provide an umbrella concept to
several approaches in this regard. Essentially a smart item is a device that can provide
data about itself and/or the object it is associated with, and in addition has the ability
to communicate this data. Examples include RFID tags [2], and sensor devices.

The deployment environment for smart item technologies clearly requires a num-
ber of additional components such as device readers, communication networks, and
back-end servers. Many challenges relating to reader accuracy, noise management,
variety of tag data standards (e.g. GTIN — Global Trade Identification Number,
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SSCC- Serial Shipping Container Code, GRAI — Global Returnable Asset Identifier
and more recently EPCGlobal [4]) impact on the integration of smart item generated
data with enterprise applications.

Business solution providers have made tremendous progress in the last few years to
integrate smart item technologies within enterprise application frameworks, see for
example SAP Auto-ID Infrastructure [3]. Most of these developments have focused
on streamlining the processes that involve packing, receiving, distribution of goods,
and related services on stock management and logistics.

In this paper, we propose to extend these developments into a retailing environ-
ment, wherein a smart item infrastructure is combined with a smart shop floor. The
smart shop floor provide additional components that go beyond product/item tagging,
and introduces buyer profiles and behaviour characterizations into the environment.

In the next section we will present our vision for the smart shop floor. We envisage
that the proposed environment holds the potential to generate unprecedented insights
into buyer behaviour in large retail markets. These insights, made possible through
the proposed infrastructure, can be supported through fully automated functions. In
the remaining paper, we will provide as proof of concept three possible queries
(insights) that can be provided using the proposed infrastructure. Complete algo-
rithmic solutions are provided for each of the queries. We will conclude the paper by
providing further deliberations on analytic potential of the proposed setup thereby
identifying a number of interesting extensions to this work.

2 Smart Shop Floor

The motivation of smart shop floor is to increase the quality of service in retailing
environments by providing shoppers personalized, valuable shopping advices and
addressing common issues such as confusing price labels, long queue/waiting time at
check-outs as well as the frustration of locating products. The successful deployment
of the smart short floors is expected to not only offer retailers crucial advantages over
competitors but also make the shopping experience more enjoyable.

The technical components in the infrastructure of such smart shop floors have been
made available, as demonstrated by some prototypes currently under trial such as the
U-Scan smart trolley of Fujitsu and the Metro Group Future Store Initiative
(www.future-store.org). The key components related to the queries in this paper are:

- Active/Smart Trolley
o Capture buyer profile (e.g., swipe card).
o Read product item tags (i.e., it can recognize items being put in and
maintain an ongoing shopping record).
o Receive location data from sector indicators.

- Sector Indicators
o Sense the existence of a trolley and send it the unique sector identifi-
cation. An example is given in Figure 1 showing a regular shop floor.
In practice, they could be arranged in a much more flexible manner,
basically reflecting the floor’s layout of the shop. The precise defini-
tion of a sector will be introduced in Section 3.1.
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- Secure Wireless Network
o Provide the communication between smart trolleys, sector indicators
and back-end servers to collect real-time path and shopping data.
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Fig. 1. A high-level illustration of a smart shop floor set-up with 18 sectors. It shows the en-
try/exist, product shelves and the segmentation of the shop floor in terms of sectors.

3 Characterizing Buyer Behaviour

Understanding buyer behaviour is one of the most complex endeavours in business
development and marketing. Indeed it is a question that goes well beyond what com-
putational techniques can offer. In the context of this discussion, we limit the notion
of buyer behaviour to shopping profile within a well defined shop floor space and
within a given shopping session. The shopping profile is characterized by three
aspects:

1. The Buyer — Buyer properties such as age, gender, postcode, credit limit etc.

2. The Products — Product data and purchase list within a given session.

3. The Navigation — Navigation path in relation to defined sectors in the shop
floor space in a given session.

Based on the smart shop floor infrastructure proposed in the previous section, the
data relating to all aspects of the shopping profile can be acquired in real-time. Subse-
quently, there are a number of queries that can be conducted to characterize various
aspects of buyer behaviour through the shopping profiles. In this section, we present
three typical queries and the corresponding solutions as example and proof of concept
for the proposed infrastructure. These are:

- Query 1. To discover the path of a given length (defined by the number of sec-
tors) shared by the largest portion of buyers.
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- Query 2. To find out the path with as many sectors as possible, subject to a pre-
defined threshold of support.

- Query 3. To find out sectors where buyers visit frequently but seldom purchase
any products in these sectors.

3.1 Shop Floor Specification

The basic element in the proposed three queries is called “sector”. Note that in most
realistic shop floors, product shelves are naturally divided into sectors according to
the types of products. The reasons of conducting queries based on sectors instead of
precise physical locations are listed as follows:

o The data of physical locations do not have intuitive meaning and can become
totally meaningless if the layout of the shop floor is changed.

o The data of physical locations need more storage space and usually require the
process of data cleaning.

In the proposed shop floor described in Section 2, sector indicators are deployed
along the product shelves. Each time a smart trolley passes by a sector, it will com-
municate with the corresponding sector indicator, which will send back its unique
identification to the trolley. An ongoing list of sectors visited by a buyer is maintained
in the trolley, which can be transferred to back-end servers in real-time via the secure
wireless network in the shop. In general, sector indicators can be used to capture the
general information of shopping paths, by processing only a limited amount of data.
Certainly, the level of precision of the path information can be easily controlled by
varying the number of sector indicators as well as their specific locations.

For the purpose of algorithmic analysis, let S={sy,s,, ..., S,} be a set of literals rep-
resenting sectors. Define G as an undirected graph on the sectors (i.e., each vertex
represents a unique sector). An edge in G connecting s; and s; indicates the neighbour-
hood of the two sectors (i.e., a buyer can move directly from one sector to another). A
path is an ordered list of sectors (i.e., minimum one sector), which must satisfy the
relationship among sectors as defined in G (see Figure 2 for an example). In other
words, a path is created by starting from a certain vertex in G and travelling through
the graph following the edges. Here, we use the most flexible definition of paths and
impose no restrictions on the possible forms of paths, which means that paths can be
of different lengths and a certain sector can occur multiple times in a path.
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Fig. 2. A shop floor (left), its graphical notation (middle) and some example paths (right)
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3.2 Finding the Most Popular Common Path with a Given Length

The objective of this query is to discover the path of a given length (defined by the
number of sectors) shared by the largest portion of buyers.

3.2.1 Algorithm Framework

Given a database D of paths defined as above (i.e., each record is created by a buyer’s
single visit to the shop), the question is how to find out the most frequent path shared
by buyers. Here, we assume that the length of the path is given in advance. In classi-
cal data mining algorithms for shopping basket problems such as algorithm Apriori
[5] and its extensions and variations [6, 7], all candidates have to be enumerated in
advance. During the scan of the database, there is a need to sequentially check which
candidates are supported by each record. Suppose that there are totally P sectors in the
shop floor with each sector directly connected to K other sectors. It is easy to see that
the number of all possible candidate paths with N sectors is P-K™"', which is usually
quite large given realistic values of N, K and P. For example, in the shop floor shown
in Figure 1, there are 18 sectors each of which is connected to 2 to 4 other sectors. In
this case, there are hundreds of thousands candidate paths for N=10. Furthermore, it is
also time-consuming to check whether these candidates are supported by a certain
record in the database.

The approach proposed here is able to handle the query through a single scan of the
database without the need to generate candidates in advance, thanks to the special
features of the path mining problem. The basic idea is to sequentially process each
record and use a sliding window to generate all candidate paths that it supports on the
fly. In other words, only candidate paths supported by at least one record will be gen-
erated and there is no need to explicitly check whether a candidate is supported by a
certain record. Our technique is different from traditional sequence mining algorithms
in that the number of candidate paths supported by a record is very limited, which is
due to the fact that sectors in a candidate path must be directly connected. It is easy to
see that a path record containing M sectors supports at most M-N+1unique candidate
paths with N sectors. For example, a record with eight sectors {abc de f g h} sup-
ports the following four candidate paths with five sectors:

{abcde},{bcdef}, {cdefg}, {defgh}

The general procedure of the proposed algorithm is given below:

Step 1: Select a new record from the database. If all records have been
processed, go to Step S.

Step 2: Find out all N-sector candidate paths supported by this record.

Step 3: For each candidate path generated in Step 2 that has not been met
before, assign a new id to it.

Step 4: Increase the counters of the above candidate paths. Go to Step 1.

Step 5: Return the id of the counter with the maximum value.
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3.2.2 Data Structure

In order to implement the above algorithm, a data structure is required to store candi-
date paths together with their unique ids. Each time a candidate path is found in a
record, if it has been seen before, its id will be retrieved. Otherwise, it will be added
into the data structure and a new id is created. For this purpose, a tree structure 7T is
adopted where each node corresponds to a sector and ids are stored in the leave nodes.

Fig. 3. An example of the tree structure storing candidate paths with four sectors

An example of T is shown in Figure 3 where the path {a b c d} is stored in the tree
and assigned an id 8. For convenience, all ids are integer numbers starting from 1
sequentially. The depth of the tree is equal to the number of sectors in the candidate
paths and the number of branches below each node is determined by the number of
sectors connected to it in G, which is usually between 2 and 4 in a typical shop floor.
Note that in order to retrieve the id of a candidate path, only N steps are required.
Inserting a new candidate path requires the same number of operations.

The second data structure is an array C of counters recording the frequency of each
candidate path. Each time a new candidate path (with a new id) is generated, a new
counter is created, increasing the size of C by one. Since we are only interested in the
number of records that support a certain candidate path, instead of the number of
times that it appears in the database, only counters corresponding to candidate paths
found for the first time in a record will be updated.

3.2.3 Time Complexity

Suppose that the average length of records in the database is M. On average, there are
(M-N+1) candidate paths to be generated in each record, with possible duplicates. For
a database with K records, there are (M-N+1)-K candidate paths to be processed. As
shown in the last section, for each candidate path, retrieving or creating its id requires
searching through T for N steps. Other operations such as increasing the values of
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counters require constant time. The overall time complexity of the proposed algorithm
is given by: O ((M-N+1)-N-K)~O(M-N-K) for M>>N.

Note that once the id of the most frequent path is identified, this path can be then
retrieved through a depth-first search through 7. Alternatively, all candidate paths
found during the scan of the database could be stored together with their ids so that
the most frequent path can be directly retrieved once its id is known.

3.2.4 Examples

To better understand how the proposed algorithm works, suppose that the first record
in the database contains eight sectors: {a b c d e b ¢ d}. There are six candidate paths
with three sectors supported by this record (Table 1).

Table 1. A demo of the algorithm working on the first record {ab cd e b c d} with N=3

No. Candidate ID Counters
1 {abc} 1 [1]

2 {bcd} 2 [1, 1]

3 {cde} 3 [1,1,1]
4 {deb} 4 [1,1,1,1]
5 {ebc} 5 [1,1,1,1,1]
6 {bcd} 2 [1,1,1,1,1]

In Table 1, the first five candidates have never been found before. As a result, each
of them is inserted into 7 and assigned a unique id and new counters are created for
each of them. However, for the last candidate {b c d}, it is already available in T and
its previously assigned id is returned and no new counter is created. Also, since this id
has already been counted in the same record, the existing value of the corresponding
counter is kept unchanged.

Next, the algorithm moves to the second record. Suppose that the first candidate in
the second record is {c d e}, which is not a new candidate (No.3 in Table 1) and no
new id is assigned to it. However, since it is the first time that this candidate is found
in the second record, its counter will be increased by one and the values of counters
are [1, 1, 2, 1, 1] now. Similarly, if the second candidate is {d e b}, the fourth element
in the counter array C will also be increased by one (i.e., Cis [1, 1, 2, 2, 1]).

3.2.5 Simulations

A test database was randomly generated with 5000 path records, each containing 50
sectors. The layout of the shop floor is based on Figure 1, which consists of 18 sectors
with each sector directly connected to 2 to 4 other sectors.

The first experiment was aimed at showing the running time of the algorithm with
regard to the number of records in the database with K=500, 1000, 2000, 3000, 4000
and 5000. The second experiment was conducted to show the running time of the
algorithm with regard to the length of the candidate path with N=5, 6, 7, 8, 9 and 10.

Experiments were conducted on a PIII 800MHz PC with Matlab 7. Experimental
results shown in Figure 4 suggest that the algorithm scaled approximately linearly.
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Fig. 4. The scalability of the proposed algorithm with regard to the number of records (left) and
the length of the candidate paths (right)

3.3 Finding the Longest Common Path with a Given Support

The objective of this query is to find out the path with as many sectors as possible,
subject to a predefined threshold of support.

3.3.1 Problem Analysis

Since the length of candidate paths are not known in advance, the solution to this
query is to iteratively apply the algorithm proposed in Section 3.2 with sequentially
increasing N values (i.e., N=1,2, ...) until the support of the most popular candidate
path falls below the threshold. However, the major difficulty is that the cost of the
algorithm will increase as the value of N grows due to its O (M-N-K) time complex-
ity. In the meantime, the storage space required may also increase greatly.

An important fact is that the support of a path is no more than the minimum sup-
port of any of its sub-paths (i.e., one or more sequentially connected sectors contained
in the original path). In other words, if it is known that a certain sub-path does not
have the minimum support from the database, it is always true that any longer path
that contains this sub-path will not have the minimum support either.

This feature makes it possible to do some pruning of the search space based on the
information gained in earlier passes. Consequently, the computational cost of han-
dling longer candidate paths may be substantially reduced.

Note that the number of candidate paths of length N to be processed in a record
with M sectors is M-N+1. The key point here is how to reduce this number so that
only a much smaller set of candidate paths will need to be processed.

For example, consider a record with eight sectors:

{fabcdefgh}
It is easy to see that it supports totally six candidate paths with three sectors:
{fabc}, {bcd}, {cde}, {def}, {efg}, {fgh}
Suppose, based on previous passes, it is known that sectors d and f do not meet the
minimum support requirement. As a result, any candidate path containing one or both

of them is deemed to be infrequent. In this case, five out of six candidates are such
examples and only the first candidate {a b c} needs to be processed.
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3.3.2 Algorithm Framework
According to the above analysis, the algorithm for finding the longest common path
with a given support works as follows:

Step 1: N=1

Step 2: Scan the database to find out the support of all N-sector candidate
paths that are not deemed to be infrequent.

Step 3: If no candidate paths have the minimum support, STOP.
Step 4: Update the database D by marking infrequent candidate paths.
Step 5: N=N+1, go to Step 2.

In this framework, the algorithm starts by scanning the database once to check the
support of each single sector (N=1) following the procedure described in Section 3.2.
All sectors that are found infrequent are marked, which is used to prune the search
space. In the next pass, the algorithm only tries to find out the support of all candidate
paths with two sectors (N=2) that are not deemed to be infrequent. This process is
repeated until no more candidate paths meet the support threshold.

3.3.3 Algorithm Details

In order to mark infrequent candidates in the database, we need the location informa-
tion of each candidate in the database, which is stored in three arrays during the scan.
The first array stores the id of each candidate path while the second and third arrays
store the No. of the record where this candidate is found as well as the position of the
candidate in the record. Note that we sequentially store the information of all candi-
date paths and the maximum length of the above three arrays is (M-N+1)-K.

Suppose that {a b c d e f g h} is the 8" record in the database and the candidate
path {c d e} is assigned an id 5. In this case, the values of the corresponding elements
in the three arrays are {5}, {8} and {3} respectively, due to the fact that {c d e} has
an id 5 and is the third candidate path in the 8" record.

After each pass, in order to mark sectors in infrequent candidates, we go through
the array with ids and check the support of each id in its counter C (id). If it is below
the support threshold, its location information stored in the other two arrays will be
retrieved to locate this candidate path in the database.

A data structure called mask is maintained with the same dimensions as the origi-
nal database. Each element in mask corresponds to a sector in the database. Initially,
all elements are set to O (i.e., all sectors are available). At the end of the Nth pass,
when a candidate path is found infrequent, the element in mask corresponding to the
first sector in this candidate path is set to N indicating that the path of length N start-
ing with this sector is infrequent (i.e., longer paths are also infrequent).

Recall that in Section 3.2, each of the first M-N+1 sectors in a record of length M
is used as the head sector of a candidate path with N sectors. With the information in
mask, it is now possible to reduce the number of candidate paths to be generated by
excluding those that are known to be infrequent. Each time a head sector is selected,
the elements in mask corresponding to it as well as N-1 consecutive sectors are
checked sequentially. For 1<i<N, if the value x of the element in mask corresponding
to the i sector in the candidate path is greater than zero but no more than N-i+1, it
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can be determined that this candidate path is infrequent because it contains at least
one infrequent sub-path of length x. Note that the element corresponding to the head
sector of such a candidate path should also be set to N if its original value is O.

For example, suppose that a record is:

{abcdefgh}
The group of elements corresponding to this record in mask have initial values:
{00000000}

After the first pass with N=1, suppose that only d is found to be infrequent. The
values of the elements are updated to:

{00010000}

In the second pass with N=2, the algorithm will not generate the candidates {c d}
and {d e} because both of them contain d, which is an infrequent sub-path of length
one, and are known to be infrequent. The element corresponding to ¢ in mask is set to
2 indicating that the path of length two starting with c is infrequent. In the meantime,
if candidate path {f g} is also found to be infrequent at the end of the second pass, the
element corresponding to f in mask will be set to 2. The values of the elements in
mask at the end of the second pass are updated to:

{00210200}

As a result, in the third pass with N=3, instead of having six candidate paths in
play, only a single candidate path {a b c} will be generated while others can all be
determined to be infrequent based on the existing information in mask.

In general, the number of nonzero elements in mask is expected to increase after
each pass, which will make it more likely for a candidate path to be infrequent. In a
word, mask is used to avoid generating candidate paths that are already known to be
infrequent and thus saves a large amount of computational effort.

3.4 Finding Sectors Below a Given Purchase Level

The objective of this query is to find out sectors where buyers visit frequently but
seldom purchase any products in these sectors.

3.4.1 Problem Analysis

The purchase level of a sector is defined as the ratio between the number of records in
which at least a product in that sector is purchased and the number of records in
which this sector is visited. A sector with low purchase level means that most custom-
ers visiting it are not interested in products in that sector. The reason that it is visited
may be simply due to the fact that it is close to the entry/exit of the shop or it is on the
way to other sectors with popular products.

Note that we are only interested in knowing that during each single visit to the
shop whether a buyer visited a certain sector and whether this buyer purchased any
products from that sector. In practice, a buyer may visit a sector multiple times and
purchase nothing or multiple products during a single visit to the sector or in different
times.

In addition to the database containing records of paths, we assume that there is a
database with records of transactions (i.e., lists of products purchased). Also, it is
assumed that there is a table specifying the relationship between products and sectors.
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A condition is that any product is only available in a specific sector (i.e., given any
product id, there is a unique corresponding sector id).

3.4.2 Algorithm Details
The basic idea is to transform the transaction database into a sector database using the
product-sector table so that each record in the new database is a set of sectors where
shopping activities happened. Note that, unlike the path database, sectors in this new
database are likely to be disconnected from each other.

The general procedure of the algorithm is as follows:

Step 1: Apply the algorithm in Section 3.2 on the path database (N=1) to
find out the frequency of each sector.

Step 2: Transform the transaction database into a database of sectors using
the product-sector table.

Step 3: Apply the algorithm in Section 3.2 on the sector database (N=1) to
find out the frequency of each sector with purchasing activity.

Step 4: Calculate the purchase level of each sector.

In the above algorithm, Step 1 is used to find out the frequency of each sector be-
ing visited while Step 3 is used to find out the frequency of each sector appearing in
the transaction records. Note that the tree structure T generated in Step 1 is used in
Step 3 to make sure that sectors are associated with consistent ids. In Step 4, the pur-
chase level of each sector is calculated by the ratio between its frequency in the trans-
action records and its frequency in the path records.

4 Conclusions

In this paper, a smart shop floor setup was proposed to capture real-time buyer behav-
iour data. We are particularly interested in discovering patterns embedded in the
shopping paths of buyers, defined in terms of product shelf sectors. For this purpose,
three queries have been identified together with detailed algorithmic solutions. In the
meantime, there are some other queries that can be conducted on the data collected
from the proposed smart shop floor. For example, it would be interesting to analyse
the relationship among sectors to find out the set of sectors that are often visited dur-
ing the same shopping trip. It may also be of interest to see, if a buyer visited a certain
sector, which other sectors this buyer is likely to visit. These queries belong to classi-
cal data mining tasks such as mining association rules and sequences, which could be
tackled by existing techniques [8, 9].

Furthermore, real-time path planning function can be incorporated into the smart
trolley to guide shoppers through the shop floor, according to their specific shopping
lists. Also, more advanced queries can be supported by introducing additional func-
tionality into the proposed infrastructure. For example, sector indicators can be de-
signed to transfer time stamp information in addition to the sector identification to the
smart trolley. By doing so, it is possible to conduct time-related queries such as find-
ing the sectors where buyers spend most of their time.
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Abstract. Existing approaches for business process mining cannot satisfy Real-
Time Enterprise (RTE) goals, such as time-based competition. To support RTE
requirements we propose a Process Learning System (PLS) that is capable of
learning business processes from a few observed traces and do this in a time-
frame that is close to the actual time for completing the process. Unlike existing
approaches PLS employs a rich process model that facilitates “guessing” busi-
ness processes, utilizes domain-specific knowledge captured by activity and
resource ontologies, ensures that learned processes comply with specified busi-
ness rules, and optimizes them to reduce required cost and time. In this paper
we focus on the architecture of PLS, and describe the functionality and algo-
rithms employed by key PLS components. We use examples from initial ex-
periments involving learning of processes that assemble complex products from
specialized parts.

1 Introduction

The notion of the real-time enterprise (RTE) is rooted in an emerging business strat-
egy that is currently being pursued by the business community. As with Business
Process Re-engineering (BPR) in the early 90’s, RTE aims to squeeze time and asso-
ciated costs out of business processes. However, RTE’s broader goal is to provide the
means for time-based competition. This calls for enterprises to deliver products and
services faster than their competitors, as well as to customize these as needed to sat-
isfy the specific needs of each specific customer or business transaction. Becoming an
RTE involves providing solutions to the following problems:

1. Discovering the actual business processes being used in doing business. These
may include significant differences from the business processes instituted by
and/or believed to be in use by the enterprise’s management team (e.g., due to
implementation approach or legacy IT problems), or the actual processes may
be uncertain or unknown (e.g., due to a merger or outsourcing).

2. Capturing specific RTE objectives by business rules formulated in terms of
business activities, important artifacts, such as products and other resources,
at the strategic level of enterprise management or at the highest tactical lev-
els. Such business rules should be used to guide business process adaptation,
optimization, and automation to achieve specific RTE objectives.

C. Bussler et al. (Eds.): BIRTE 2006, LNCS 4365, pp. 118-]132] 2007.
© Springer-Verlag Berlin Heidelberg 2007
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3. Performing dynamic business process adaptation, optimization and automa-
tion within prescribed time and cost. Comply with business rules when
adapting and optimizing existing processes and/or developing new ones.

In this paper we propose a Process Learning System (PLS) that uses domain
knowledge and business rules to automatically discover and optimize business proc-
esses and do this in a timely manner (i.e., learn a process in the same time-frame as it
takes to execute a process instance). Existing solutions for automatically discovering
and optimizing business processes are either too expensive, or require too much time.
Furthermore, in many cases they cannot discover a complete process. In particular,
traditional BPR approaches for capturing business processes typically involve con-
ducting stakeholder interviews and compiling comprehensive process documentation.
These activities require teams of people to work for months at a high cost. Business
process mining [1, 2, 8, 10] is an alternative approach for process discovery that in-
volves the analysis of traces produced by executed instances of the process. Assuming
that a sufficient number and kind of traces are available, process mining can be
automated and it is inexpensive. However, to discover a complete business process,
process mining requires a very large number of traces to be available (e.g., several
thousands of traces for a process containing a few dozens of activities [2]). In addi-
tion, the available traces must provide a complete coverage of the process [1] (i.e.,
they must include sufficient number of traces for all paths, not only the most frequent
paths). These requirements are difficult (or impossible) to satisfy even in traditional
enterprises. In situations where a sufficient number of traces can be eventually col-
lected, the collection effort requires significant planning and it may take months or
years to complete. Therefore, process mining is not appropriate for RTEs.

The Process Learning System (PLS) we propose in this paper requires only a few
traces to learn a business process. Instead of attempting to discover the actual process
that was executed to create the traces, PLS learns a business process that is compati-
ble with the known execution traces and is optimized by utilizing available domain
knowledge provided by activity and resource ontologies, as well as specified business
rules. This paper focuses on the novel PLS architecture and its key components. Since
the PLS prototype is currently under development, in this paper we report some initial
results and use examples based on them. The automation of learned business proc-
esses is outside the scope of PLS and this paper. This can be accomplished by em-
ploying traditional workflow or EAI platforms (e.g., [14, 15, 16]), or an RTE-ready
platform that supports dynamic process adaptation at any time [13].

The remainder of this paper is organized as follows: Sections 2 discusses our proc-
ess learning approach, including the needed ontologies and models for capturing busi-
ness rules and processes. Section 3 introduces the PLS architecture. Section 4
describes key PLS algorithms. Section 5 discusses related work. Our conclusions and
PLS status are in Section 6.

2 Process Learning Approach

Our goal in this paper is to learn a rich process model based on a few traces of process
execution instances. At a theoretical level, this problem seems to require us to learn
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an accepting computation abstraction specification (e.g., a Turing machine) for a
language based on a few sentences of that language. This goal seems to be impossible
in the absence of additional information.

Our approach for overcoming this theoretical limitation is based on the following
two hypotheses about our ability to generalize (i.e., be able to include control flow,
resource flow, and resource utilization dependencies that were not present in) the
known execution traces of the process. First, the available domain knowledge (e.g.,
the descriptions of the well-formedness constraints of the products produced/services
provided by the process, related bills of materials, business rules, etc.) is sufficient for
accomplishing process generalization. Second, simulations of possible process alter-
natives can determine whether or not they produce well-formed products/services,
complete bills of materials, and satisfy business rules.

Assuming that these two key hypotheses hold, the process learning (i.e., synthesiz-
ing and generalizing) approach we advocate in this paper involves the following:

e Employing a rich process model that captures important/comprehensive in-
formation about processes that will facilitate in “guessing” them;

e Utilizing available domain knowledge, including domain specific activity and
resource ontologies, as well as relevant business rules to validate or prune al-
ternative processes under consideration; and,

e Learning validated processes that are compatible with known traces.

In this paper we consider possible that an observed trace itself provides a low qual-
ity product. Nevertheless, if the observed trace is feasible in the “guessed” process
model then it validates the model. Otherwise, the trace is considered to be a counter-
example; the process model is considered incorrect and thus it must be modified to
satisfy the observed trace, or be eliminated from consideration.

In the following sections we describe the models, ontologies, and rules utilized in
this process learning approach. In particular, in Section 2.1 we describe the domain-
specific activity and resource ontologies we utilize. Section 2.2 discusses the rich
process model we employ to learn a business process from a few traces. In section
2.3, we discuss specification of business rules and how we determine process compli-
ance with them. The architecture of the proposed Process Learning System and the
functionality of its components are described in Section 3.

2.1 Resource and Activity Ontologies

A resource ontology describes domain specific resource types and their IS-A and
PART-OF relationships. In this paper, we use the term artifact type to refer to an
input or output resource type to a basic activity or a process. To refer to the final out-
put artifacts types of a process model, we use the term product type. Correspondingly,
we define input and output artifact instances. In addition to artifact instances and
activities a process instance may utilize additional resources, such as roles/actors,
tools, and programs that are not specified as activity/process input or output.



Business Process Learning for Real Time Enterprises 121

Figure 1 depicts a fragment of the re-

CPU Spec source ontology that contains a PC prod-

- l;A“: 51 — upt attributed with CPU speed, RAM total
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Case Specs specification via the kinds and number of

slots it has, video processor card specifica-

RART-OF tions including speed and bus type, the
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kind of motherboard and power supply it

accepts, the number of fans, the color of

the case cover. This artifact ontology

Fig. 1. Resource ontology fragment captures constraints on well-formedness of

the PC that describe the facts that the

motherboard must match the case, CPU, RAM, and video card must be compatible
with the motherboard, etc.

The ontology also includes corresponding artifact types for various kinds of CPUs,
RAMs and other computer components. Many of the attributes of a compound artifact
instance can only be filled if a corresponding component instance is connected to the
compound artifact instance. For example an activity cannot write a CPU specification
into a PC artifact instance directly, instead it can only attach the CPU component
instance and only then the CPU speed will be copied to the attribute of the PC artifact
instance. Such restrictions in the resource ontology allow PLS to apply graph similar-
ity algorithms [3] that compare composite artifact instances.

In addition to a resource ontology, PLS utilizes domain specific activity ontology.
This ontology defines domain-specific activity types used to specify business rules
and to learn business processes. In addition to activity types, the activity ontology
captures IS-A relationships between such types. This relationships facilitates the
mapping of high level business rules (i.e., rules involving activities at a strategic busi-
ness level or at a high tactical level) to the lower level (i.e., tactical or implementa-
tion) activities in a learned business process.

The use of the activity and resource ontologies in business process modeling and
business rule specification are discussed further in the Sections 2.2 and 2.3, respec-
tively. In the rest of this paper we assume that the activity types of all activities in a
learned process model are included in the activity ontology. Furthermore, we assume
that the input and output of a learned process model is an assembly of artifacts whose
type, as well as the types of its parts, are described in the resource ontology. Finally,
the input (output) of any learned process model is assumed to partially match the
input (output) of an activity type in the activity ontology.

Mother Board Power Supply

2.2 Process Model and Traces

PLS utilizes a rich process model and assumes that execution traces are produced
using this model. By process model we refer to a process specification or a process
“program” that can be instantiated by a process enactment engine. The following
aspects characterize PLS’s process model:
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e Set of typed activity variables to be filled with activity identifiers.

e Each activity is characterized by an identifier, its activity type, and typed re-
source variables to be filled with resource identifiers. The activity types are de-
fined in the activity ontology and describe the activity interface (the input and
output resource types of the activity), as well as the activity precondition and
post condition.

e  Specification of control flow dependencies between activity types.

e Resource utilization dependencies specify the needs of activity types for re-
source types including people roles, programs, and tools. Resource types are
defined in the resource ontology.

e  Predictors that provide distributions for cost and duration of individual activi-
ties, as well as assessment of quality of output artifacts of an activity type.

The PLS process model is richer than the workflow reference model proposed by
Workflow Management Coalition (WfMC) [17]. In particular, PLS’s process model
has the same expressive power as WfMC’s in terms of activity, control flow, data
flow and resource utilization specification. In addition to these, PLS’s process model
includes activity post/pre conditions and predictor/quality functions.

An execution trace observed by PLS is a process instantiation that results in a sin-
gle execution path through a process model. An execution trace typically contains a
timestamp-ordered set of elements, where each element describes an activity state
change as defined by WEMC (e.g., started, completed, etc.), the activity ID and type,
the input and output resource/artifact instances for this particular state of the activity,
and the timestamp of the activity state change.

Both the process model and the execution trace refer to activity and resource types
defined in the corresponding ontologies. Unlike a process model, an execution trace
includes activity and resource variables that have been filled up during instantiation
with specific activity and resource identifiers. Since an execution trace covers only a
single execution path, a trace typically refers only to the types of activities and re-
sources that were encountered in its path (this is typically a subset of the types refer-
enced in the process model). From an execution trace we can extract a sequence of
process state transformations, accurate estimations for each transformation, resources
used in each transformation, explanation of choices in control flow, activities and
resource assignments.

2.3 Business Rules

Business rules in PLS are domain-specific constraints in the execution of activities
and the utilization of resources. Business rules are specified on activity types defined
in the PLS activity ontology. The types of business rules supported by PLS include:

e Coordination business rules ensure that the (child) activities of a process are coor-
dinated appropriately with other (child) activities. For example, a coordination
business rule for a PC assembly process might state that the AttachCPU activity
cannot be performed after the AttachCaseCover activity.

e Resource utilization business rules constrain how or which resources can be used
at a given point. For instance, a role resolution business rule might constrain the
person that performs the AttachCPU activity to be a technician of a certain level.
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In PLS, a business rule is defined by a business rule locus and a business rule ef-
fect. The locus of a business rule P is a precondition that determines the types of
potential parent processes to which P should be evaluated, while the effect of P is a
post condition that determines whether a business rule P has been satisfied or not.
Both business rule locus and effect are defined by constraints that are specified using
PLS’s business rule specification language.

Coordination business rules define constraints on relationships between the activity
types, while resources utilization business rules typically involve the definition of
constraints on utilization relationships between activity types and resource types. For
example, the effect of a coordination business rule typically defines constraints on
temporal relationship (e.g., before, after) between activity types. PLS provides a com-
prehensive business rule language, but its details are outside the scope of this paper.

3 Process Learning System Architecture

PLS utilizes the process model we described in Section 2 to extract process related
information from process traces, ontologies, and business rules, and utilizes these in
synthesizing, transforming, and learning processes. PLS employees various learning
methods, since the effectiveness of each particular method depends on the process
aspect that need to be leaned, as well as the domain and business knowledge avail-
able. To accommodate these, PLS’s architecture permits great flexibility in the choice
of activity types involved in the process synthesis, the tools used for performing the
synthesis, and the order of their application. To achieve these we propose using a
process specification and execution system for managing the process synthesis proc-
ess itself. In other words, we propose using a process system to learn a process.

The architecture of the process learning system is depicted in Figure 2. Rounded
corner rectangles denote provided components, shaded rectangles illustrate domain-
specific components, directed arcs indicate data flow, unshaded rectangles associated
with the arcs describe the actual data involved, while the cylinder denotes persistent
storage. Below we will describe these and the architecture rationale. PLS learns proc-
esses by performing two major processing steps, namely process learning and trace
compliance testing. These steps are discussed next. The algorithm used for PLS’s
Process Generator is discussed further in Section 4.

Process Learning: The Process Generator forms an initial process (in a process
specification language that complies with the PLS process model) based on the do-
main knowledge (process product, business rules, known execution traces, resource
utilization) and refines some aspects of the initial process based on the execution
traces (observations).

Next the Process Enactor, Domain-specific Simulator, Process Miner, and Domain
Planner synergistically subject the initial process to dynamic analysis and refinement.
The interaction of these architecture elements is as follows: the Process Enactor re-
ceives an initial process and, provided the cost, duration and quality of activities can
be estimated, submits the process to the Domain Planner.
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Fig. 2. Architecture of a Process Learning System

Next, the Simulator starts modeling the execution of the activities by the simulated
resources, which affect the state of simulated artifact instances. The Simulator notifies
the Process Enactor of various events such as completion of activities by resources,
time ticks, contingencies due to the simulated environment, and contingencies due to
artifact instances’ states.

Let us suppose that the learning system architecture in Figure 2 is used for learning
a process of assembling a Personal Computer (PC) from computer parts. The Process
Generator produces an initial process that specifies the control flow constraints
gleaned from domain knowledge and execution traces. It is not guaranteed that this
process produces a well-formed product artifact. The process itself can be traversed
via various paths from a start node to a final activity node (assuming several possible
start or final nodes) provided there is branching in the process. The Domain Planner
selects a subset from the set of all possible traversal paths in the process such that the
paths in this subset satisfy some criterion, for instance the fact that each path in that
subset has a cost of execution lower than a certain threshold. If the set of computer
parts has a corresponding set of activities in the ontology then the Domain Planner
can suggest the choice of parts by suggesting its subset of paths. For instance, there
can be activities BuyHighEndMotherboard, BuyMediumMotherboard, BuyCheap-
Motherboard. In an actual process these will correspond to available motherboards
currently available. Each activity is further described by a cost, duration, and quality
triple. In the case of these three activities their triples will be affected by quantifica-
tions of cost and quality of the respective motherboards. A path traversed through a
process is quantified by a “goodness” metric which is a cumulative value based on the
cost, duration, quality of the activities that are visited by the path. Therefore, the Do-
main Planner, given a “cost reduction” criterion, is likely to suggest paths that include
the BuyCheapMotherboard.

Once a path has been selected by the Domain Planner, dynamic analysis is per-
formed to determine its feasibility. For the sake of an example let us assume an incor-
rect process was produced. A path that was chosen by the Domain Planner prescribes
such a sequence of activities: AttachCpuToMotherboard, AttachFanToCpu,
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ApplyThermalCompound. The Process Enactor dutifully notifies agent resources to
perform these activities. The Simulator models the effects of application of these
activities to resources (including artifact instances) according to the artifact well-
formedness constraints. Thus, after an agent initiates the ApplyThermalCompound
activity the Simulator will report a failed termination of that activity if the artifact
ontology captures the fact that the thermal compound cannot be added to a mother-
board with a processor attached. By analogy to software development, among other
things, the Simulator performs the role of a testing oracle that derives correct test
cases from the artifact ontology and compares the actual behavior of an activity
against its expected behavior. By the same analogy, if the resource ontology does not
capture the well-formedness artifact constraints relevant for the process, the Simulator
will OK a process that will fail validation in real world. It is important to emphasize
that while a process is supposed to be correct by construction we cannot guarantee
that because of incomplete domain knowledge. In a way, the initial process is an edu-
cated guess produced in a systematic manner that still has to be verified against the
modeled artifact well-formedness constraints and then validated by a real world dy-
namic analysis (checking both the correctness of the process and adequacy of the
modeled well-formedness constraints). Another benefit of the Simulator is checking
the accuracy of activity duration estimates. An activity is not finished until the Simu-
lator registers either a success or a failure of the artifact instance manipulation pro-
vided by the activity. The Process Enactor reacts to the events from the Simulator or
events generated by the Process Enactor itself (e.g. time-out of activity completion).

The simulation and learning of a single process instance continues until either all
the activities are finished and/or final artifacts/products are produced or predefined
time runs out or it is determined that there are insufficient resources to produce final
artifacts. On completion of enactment of one process instance from the initial gener-
ated process, the Process Miner component might use their machine learning tech-
niques (supervised neural networks, reinforcement learning and evolutionary compu-
tation) to learn the optimal policy (e.g. control flow decisions and resource utilization)
for executing the process in the simulated environment. The information from the
available execution traces (actual, not simulated) is given higher preference over data
obtained from simulation during the learning.

Our PC assembly example demonstrates a specific method for learning an initial
process in the case of very limited number of traces and abundant information about
artifact types’ structure. By taking a process-based approach to learning business
processes, our architecture can also leverage other process mining approaches [1] [2]
[8] once sufficient number of execution traces is collected for PLS.

Trace compliance test: At the final step, the known actual execution traces are used
as test cases to verify the process learned from the domain knowledge and simulation.
Thus in this final step we check the compliance of the process behavior to real world
execution traces.

4 Process Generator Algorithm

The Process Generator produces an initial process by utilizing PLS domain-specific
ontologies, business rules, and execution traces. An outline of the algorithm that can
generate the initial process is described in the following paragraphs.



126 R. Podorozhny, A. Ngu, and D. Georgakopoulos

Cleaning execution traces from noise: First, the Process Generator checks for con-
sistency of the observed precedence relationships in the execution traces using a con-
trol flow graph representing provided business rules. Such consistency checking is
performed by bisimulation [3] [4]. The main tasks of this algorithm are shown in
Figure 3. The output of the consistency checking that is a set of business rules viola-
tions by the execution traces. Next, execution traces are modified to remove the viola-
tions. For this task to be effective the business rules must be consistent with each
other. The output of this stage of process generation is a set of cleaned execution
traces that do not include such violations.

Business
Rules (BRs),
Execution

traces

Clean traces from
"noise” to comply
with business rules

Check
Consistency

Set of traces
Consistent
with BRs

et of consistenc;
violations of BR
by traces

— Data flow

I:I Process synthesis
task
D v

Fig. 3. Main tasks in bisimulation algorithm

Identification of possible final and start activities of a process: Next, by compar-
ing the specification of the artifact free for the process product (in its simplest form
this is just a bill of materials) and the output artifacts of the activities types in the

Activity
ontology

Product
artifact type
structure

—>» Data flow

I:I Process synthesis
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Data
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b) Activity Identify
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Set of artifact
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Fig. 4. Main tasks in identifying start and final activities

activity ontology, we determine the subset of activities types in the ontology that can
produce the product artifact type. Here the provided activity ontology is used to find
those leaf activities whose post-conditions satisfy the well-formedness requirements
of the product artifact type. This task forms the set of possible final leaf activities. The
set of possible start leaf activities is formed similarly except that the algorithm
matches the specification of the input artifact type subtree to the input artifact pa-
rameters of the activity types in the ontology. The tasks of identification of final and
start activities are shown in Figures 4(a) and 4(b).
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Creation of an initial process control flow graph: This is the next stage of the proc-
ess generation algorithm and is depicted in Figure 5.
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Fig. 5. Main tasks in synthesizing process control flow

Using a modified single source shortest path Dijkstra’s algorithm [6] we find all
shortest paths between each of elements of the set of possible final leaf activities and
that of the possible start leaf activities in the resource/data dependency graph. The
input and output parameters of activities define the data dependency graph between
the activities. The input data to this step include the activity ontology, sets of start and
final activities of a process to be learned, optimization criteria, and the cleaned execu-
tion traces. The optimization criteria are expressed as a goal function that combines
relative preferences between cost, duration, and quality of process output. The activity
ontology is assumed to have activities attributed with cost, duration and quality. The
weights of edges used by this modified algorithm are determined by this goal func-
tion. The output of this step is a set of shortest paths in the data dependency graph in
regard to the weights.

In the next step, this set of paths in the data dependency graph derived from the ac-
tivity ontology is used to produce a set of paths corresponding to control flow. The
execution traces are used to enhance the control flow paths so that they would allow
the actually observed traces. Thus a process derived from the domain knowledge is
combined with the information from the observed traces.

Branching and parallelism between activities are identified using various informa-
tion sources. One source of information that can help creating sets of nodes that can
execute in parallel is the “shape” of artifact types. The predecessor nodes inside such
a set can run in parallel to those in another set. The predecessor nodes of a currently
examined node in the data dependency graph are those whose output types (partially)
match input types of the currently examined node. Since artifact types and instances
are represented as trees it is possible to recognize their shapes.

If the output artifact types’ trees of candidate predecessors are different in shape
(as trees, considering the types of nodes) then those candidates are possibly parallel
activities. If the artifact types’ tree shapes are the same then they are possibly branch-
ing alternatives (different ways to produce the same). Thus the algorithm provides a
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possible control flow graph based on the data dependency that includes branching and
parallelism. This is only possible due to an assumption about representation of artifact
types and their instances.

Another source of information that can help breaking the set of predecessor nodes
of a currently examined node into possible parallel sets of branching nodes is the
observed precedence information from traces. If two or more activity instances that
correspond to predecessor nodes of a currently examined node appeared at least par-
tially overlapping in their execution times then they are considered parallel to each
other provided there is no data dependency between them. If the algorithm detects a
data dependency between two or more activities that overlap in execution time in the
traces then a flag is raised asking for manual resolution. If the possibility of manual
resolution is turned off then the Process Generator deems such activities non-parallel,
i.e. data dependency information is trusted more than the observed precedence rela-
tionship. If it has been identified that a pair of activities can be run in parallel then the
control flow arcs leading from them to the currently examined node are connected by
an and. Otherwise they are connected by an or.

A special and important case can appear if there are loops in the data dependency
graph of activities. The suggested algorithm will reject a path along which the same
node has been visited more than once. Such a solution ensures that the algorithm is
not “stuck”. The downside is that we cannot account for iteration.

Description of example input and output of the algorithm: In Figure 6 we see a
depiction of sample information that is expected to be available to the Process Gen-
erator. The lower plane contains the leaf process activities with the precedence

<> Business rule (BR) node <> Business rule (BR) node
— 5aA <&2> startnode — IsA <> startnode
---+ Observed precedence @y intermediate node ---+ Observed precedence @y intermediate node
——» Control flow <@ final node — Control flow <@ final node
Fig. 6. Algorithm input Fig. 7. Algorithm result

relations that were observed between their instances in the actual execution traces
before learning started. The highest plane contains the activity types referenced by
business rules, with IS-A relationships to the leaf process activities. Business rule
constraints are defined between the activity types at highest plane. For instance, for
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the PC assembly process, the brl activity type can correspond to the AttachMother-
board activity type. The a4 and a5 activities would correspond to the Attachlntel-
Motherboard and AttachAMDMotherboard activities. The br3 activity type can
correspond to the AttachRAMStick activity. The al and a6 activities would
correspond to the AttachSingleRAMStick activity.

In Figure 7 we see a possible result of the algorithm. The control flow has been
learned from the data dependency graph and observed precedence. The and/or con-
nectors are used to show possible parallel and alternative control flow. The al7 activ-
ity can correspond to AttachFrontPanel. Its predecessors by data dependency graph
are a6, a7, al5 that correspond to AttachWhiteCaseCover, AttachBlackCaseCover,
AttachSilverCaseCover. Since the output artifact types of a6, a7, al5 are of the same
tree shape then the a6, a7, al5 are considered to be alternatives and the corresponding
control flow arcs are or-joined.

Let us assume that the a8 activity corresponds to AttachTrayToCase and it pro-
duces an artifact type that corresponds to a computer without a case cover. Let us also
assume the al2 activity corresponds to BuySilverCover and that input to the al5 (At-
tachSilverCaseCover) is composed of artifact of the CaseCover type and an artifact
that corresponds to an uncovered, but otherwise assembled computer (described by a
tree as in Figure 1). Then the output of the BuySilverCover is a subset of the input of
AttachSilverCaseCover and the output of the AttachTrayToCase is a subset of the
input of AttachSilverCaseCover. But the tree shapes of output artifact types of
BuySilverCover and AttachTrayToCase are not the same, thus these are possibly
parallel steps such that the execution of both is needed for the input AttachSilver-
CaseCover. The control flow arcs created by the algorithm from the AttachTrayTo-
Case (a8) to AttachSilverCaseCover (al5) and from the BuySilverCover (al2) to
AttachSilverCaseCover (al5) are joined by an and. In addition, the precedence infor-
mation from a trace indicates that AttachTrayToCase (a8) and BuySilverCover (al2)
were observed to execute in parallel.

The asymptotic upper bound of the Dijkstra algorithm is of the order of [VI* where
V is the set of vertices in the data dependence graph between activities. Thus the
asymptotic upper bound due to the multiple executions of Dijkstra’s algorithm is [VI*.
There are polynomial algorithms for bisimulation [4] in the size of the compared
graphs. Thus we expect our algorithm to be efficient (polynomial in the size of the
data dependency graph of leaf activities and the size of the trees representing the
artifact types and instances) and capable of providing real time process improvement.

5 Related Work

Business process mining is a relatively new research area as compared to areas such
as business processing simulation, modeling, design, execution and verification.

Datta [8] proposed both probabilistic and algorithmic approaches for the automatic
discovery of business processes from a number of process execution traces. He com-
pared the discovery of business process from execution traces to the problem of
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grammar discovery from examples of sentences in a regular language. However,
using grammar discovery, there is a simplistic assumption that business processes are
fully characterized by a partial ordering of activities. Clearly, conditional, parallel or
concurrent activities are also important attributes of any business processes. These
control flows cannot be discovered using grammar discovery technique. The work by
Cook and Wolf [7] on discovering software engineering processes uses a similar mix
of statistical and algorithmic approaches. The generated process is also strictly
sequential.

van der Aalst [1] proposed an Alpha mining algorithm for discovering processes
that can be expressed in free-choice Petri-net. This means control flows like sequen-
tial, parallelism, branching and iteration need to be discovered. It is an improvement
over Datta's approach, however there is the assumption that the workflow log will
contain complete execution paths of the process. All the tasks that potentially directly
follow each other must have the corresponding traces in the workflow log. The pro-
posed mining algorithm cannot mine advanced control flow such as implicit depend-
encies between tasks or hierarchical task structures. More robust mining algorithms
have been implemented recently in the ProM Framework [18]. However, none of
them make use of process domain knowledge.

Agrawal, Gunopulos and Leymann [2] generalized the algorithm for mining se-
quential patterns to mining process graph. This approach requires a significant num-
ber and variety of traces to be collected. The learning algorithm did not make use of
any process domain knowledge or product artifact well-formedness constraints. For a
process graph of fifty vertices, 10000 execution traces is needed to find a conformal
graph, which still does not represent a complete process. The learning algorithm can-
not guarantee that the process generated is a generalization of all the observed execu-
tion traces. Our generation of the process does not depend on the availability of a
large number of execution traces. Instead, we make use of process domain knowledge
to generate a process that can be fine-tuned with even a single trace.

There are many commercial process mining tools [9] [10] [11] proposed in the
context of Business Process Intelligence (BPI). No new mining or learning algorithms
are proposed in BPI tools. The main contribution is the ability to leverage generic
mining tools such as SAS Enterprise Miner for advanced analysis on process data.
The main goal of BPI tool is to support real-time monitoring, analysis and manage-
ment of running business processes such that Service Level Agreements (SLAs) can
be met. Process execution data are extracted, clustered to predict the performance of
the current or future executing processes. There is no attempt to generate a process
from concrete execution traces.

6 Conclusions and Future Work

In this paper we proposed a Process Learning System (PLS) architecture and out-
lined the functionality of some of its key components. PLS is capable of learning
business processes from a few observed traces and from domain-specific informa-
tion provided in the form of activity and resource ontologies, as well as from
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business rules. Initial experiments have indicated that the proposed PLS will be
capable to synthesize and learn business processes that are both compatible with
known instances and optimized to reduce time and cost, comply with business rules,
and produce well-formed products and services. PLS provides the novel capability
of learning un-captured (e.g., new or improved) processes in time to meet Real
Time Enterprise objectives.

We are in the process of developing and testing a prototype PLS. PLS’s Process
Enactor and Domain-Specific Simulator Components are based on ATLAS [14] — an
existing process management system. The initial Domain Specific Planner performs
cost and time optimization to select between process alternatives, while the Process
Miner component will be utilizing existing algorithms that are enhanced to take ad-
vantage of domain specific knowledge and the rich modeling capabilities of PLS’s
process model. Initial experiments involved learning processes for assembling
physical products out of parts.
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Abstract. Business process management systems (BPMSs) are increas-
ingly gaining momentum as a software platform on which to define, ex-
ecute, and track enterprise-wide business processes. BPMSs promise to
facilitate automation, integration, and optimization of business processes
in order to support decision making, increase operational efficiency, and
lower the cost of doing business. In spite of the growing popularity, how-
ever, realization of the grand vision BPMSs ultimately seek to achieve
calls for renewed focus on the holistic approach to continuous process
improvement instead of on the process automation alone. In this paper,
we present a framework, named xPIA (eXecutable Process Innovation
Accelerator), which can effectively facilitate the continuous process im-
provement through enhancing monitoring capabilities for business data
that can significantly affect process performances. In addition to the basic
process-related data such as activity start and finish times, the proposed
framework allows for monitoring other important business contents as
well as events from various sources, including business process defini-
tions, forms and documents, database management systems, enterprise
applications, and web services. The presented results outline the key con-
cepts and architectures of xPIA to realize such functionalities on top of
contemporary BPMSs while at the same time addressing the implemen-
tation issues.

1 Introduction

Design, analysis, execution, and improvement of business processes have been
widely regarded as a major challenge for big and medium-sized organizations
across all industries. Over the past decades, information technology has con-
tinued to evolve in an effort to control and improve key business processes.
In particular, BPM (Business Process Management) is recently becoming the
prominent paradigm for realizing business process optimization through provid-
ing effective and efficient means for integrating, coordinating, and streamlining
enterprises vital resources, namely people, IT applications, and processes.
BPM is a framework of applications that effectively tracks and orchestrates
business processes. It not only allows a business process to be executed more
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efficiently, but also provides the tools that allow businesses to measure perfor-
mance and identify opportunities for improvement. As a result, many existing
workflow and EAT (Enterprise Application Integration) vendors have rapidly po-
sitioned their systems as BPMSs (Business Process Management Systems), and
claim that their platforms can provide solutions for measuring and analyzing the
effectiveness of business processes [TI2].

At present, however, current generation of BPMSs so far have accounted
mainly for the issues of automatically managing the processes, leaving the prob-
lem of continuous process improvement (CPI) largely unexplored [3[4]. Imple-
mentation of CPI usually entails the need to collect diverse information from
various sources of enterprise IT systems, including not only the BPMS itself but
also the systems external to BPMS such as ERP, content management systems,
and databases [5]. Hence, business data that can be collected from BPMSs are
currently far from being sufficient from the viewpoint of process improvements.

On the other hand, in response to the needs for obtaining and analyzing
business performance data, I'T industry has fielded a wide range of technologies
that address parts of the real-time data access and analysis problem, including
business activity monitoring (BAM) and corporate performance management
(CPM) systems [0U7U8]. These technologies provide a useful, but still inadequate
framework for assembling enterprise data into timely and effective information.
The user is still faced with manual data input that inhibits real-time use of
relevant business performance information.

Specifically, with an objective of real-time monitoring and alerting, BAM sys-
tems collect business performance data from various sources of enterprise IT
systems and present them in forms of dashboards and various charts. In addi-
tion, they help managers take corrective actions through alerting mechanisms
whenever there are collective signals or performance indicators that deviate from
some pre-specified limits. Yet, currently most of BAM systems are operated
independently of business processes in execution, making the process-oriented
performance data collection rather difficult.

Taking a different approach to gathering and analyzing business performance
data, CPM systems such as ARIS PPM (Process Performance Monitoring) [9]
and FileNet Process Analyzer [I0], aim at optimizing business processes through
utilizing various OLAP analysis functionalities. In an attempt to compute KPIs
(Key Performance Indicators), they are designed to extract data from legacy
information systems as well as logs of a variety of systems. In spite of their
wide acceptance, thay lack the satisfactory support for process-oriented view of
business performance analysis mainly because the performance data are collected
according to the rules that are not driven by the events specific to business
process specifications.

Therefore, there are still several issues to be addressed further in order for
BPMSs to realize its full potential. Motivated by the above remarks, this paper
presents a new BPMS-enabled framework for continuous process improvement,
named xPTA (eXecutable Process Innovation Accelerator), that attempts to ad-
dresses these shortcomings of current generation of BPMSs. The main objective



An Integrated Approach to Process-Driven Business Performance 135

of the proposed framework is the development of an accelerator module which
facilitates the automated gathering of performance data of business processes by
effectively integrating with BPMS.

In xPIA, all the necessary data that pertain to process performance improve-
ment are identified in the context of a specific business process model, and they
are collected according to the rules that are defined in terms of the events which
are generated during business process execution. The proposed framework is
expected to provide more meaningful data for process improvement than the
current BPMSs do, while at the same time it overcomes the limitations of cur-
rent BAM and CPM solutions by allowing the performance data to be organized
around the business processes so that CPI activities become more effective.

The paper is organized as follows: In Section 2] we present the proposed
framework through defining the architecture and the functionalities of xPTA.
Section [3] discusses in detail the proposed concepts and shows some screenshots
of xPTA. Finally Section [4] concludes the paper.

2 Proposed Framework: xPTA

The quality of a business process depends on not only the basic performance
measures such as execution time and cost incurred by the individual activities
that constitute the process, but also other factors such as (i) the people (and
organizations) who perform the activities, (ii) the time each activity is carried
out, (iii) where the process is instantiated, and so on [I1]. For instance, the
customer satisfaction level for an automotive insurance claim handling process
can be affected by several factors which may include the person responsible for
the claim handling, the car type involved in the accident, and the place the
accident took place.

Accordingly, in order to construct a useful statistical model that describes
cause and effect relationships between the process quality and the factors af-
fecting the quality, it is necessary to record such factors along with the quality
of the business process observed. We will refer to these factors as performance
elements (PEs) afterwards. Subsequently, a thorough statistical analysis of the
model may yield a new business rule like “John is the best person for handling
the BMW accident that took place in the Harvard university campus.”

Not all performance element data are available from the execution logs of the
current generation BPMSs mainly due to the fact that they are managed by
the systems external to the BPMS. To address this problem, the xPIA defines
a PEM (Performance Element Mapper) module that attempts to provide ca-
pability to collect data from various sources of enterprise information systems
in a process-centric manner. The target systems PEM currently have access for
data acquisition include business process definitions, documents and forms gen-
erated and routed by the process, process execution logs, organization data such
as LDAP directory, databases, enterprise applications that can be accessed via
EAI platform, and finally web resources such as XML web services and html
resources. They are depicted in Fig. [Il
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Fig. 1. Target systems of PEM

PEM allows users to define the performance element data to be collected and
the event structure that dictates the rules by which the actual data collection
is carried out for a specific data of interest. Specifically, the event structure
consists of (i) scope that defines the life time of the data collection (ii) trigger
that indicates when the data are collected, and (iii) condition that needs to be
satisfied for the data collection to proceed. In particular, the trigger is defined in
terms of the events that can be generated by BPMS during process execution.
For instance, it is used to extract a piece of data from a DBMS whenever an
instance of a specific type of business process finishes.

The output of PEM is stored as an SRD (Sampling Rule Definition) file which
specifies the performance element data to be extracted as well as the data col-
lection rule in the form of an XML document. An SRD file is composed of four
primary XML tags that represent (i) the set of performance element data to be
collected, (ii) the access information such as URL of a target system, protocol,
login data, and XQuery (or SQL) expressions, (iii) the type and structure of
data, and finally (iv) the event structure.

Having introduced the PEM module, we now present the run-time architec-
ture of xPTA. Based upon a multi-component suite of application modules, xPTA
has been designed to provide a comprehensive business performance monitoring
solution that can be seamlessly integrated into an existing BPM system. It em-
braces two major components: BPS (Business Performance Sampler) and xPTA
monitor.

The basic functionality of BPS is to collect the values of performance ele-
ments from various sources of enterprise information systems (including BPMS)
according to the rules defined in the SRD file while processes are executed by
BPMS engine. During the execution of BPS, the business performance data are
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recorded in the database, and then made available for further analysis to a range
of solutions such as BSC, BAM, BI, statistical analysis, and 6 sigma systems
[12]. Hence, BPS is located in a middle layer between enterprise systems and
performance analysis tools, supporting automated collection of business qual-
ity measures and their related performance elements. On the other hand, xPTA
monitor provides an environment in which a user can manage and monitor the
behavior of BPS. The run-time architecture described above is shown in Fig.

PQA

SRD
definition

Monitor

‘ . [ Business Performance Sampler ‘

L L
N (S
£ 11 By =

BPMS DBMS EAI Web HTTP
Engine Services Server

Fig. 2. Run-time architecture of xPTA

Figure Bl shows internal architecture of BPS. Upon receiving a new SRD file,
BPS identifies performance elements to be sampled and passes the technical de-
tails necessary for data collection to the sampling scheduler which is responsible
for constructing and maintaining a schedule of sampling tasks. Each sampling
task represents a set of activities consisting of retrieving the current values of
appropriate PEs either by parsing the event messages delivered to BPS or by
accessing the target systems specified in the SRD file, and then recording them
into the business performance database. Depending on the type of a trigger de-
fined in the SRD file, a sampling task can be either time-driven or event-driven.
While time-driven sampling tasks are scheduled deterministically by the sam-
pling scheduler, event-driven tasks are dynamically created and scheduled on the
fly whenever an event message that satisfies a trigger and its condition is received
by event listener. Therefore, the sampling scheduler maintains a priority queue
for managing the schedules to cope with this dynamic scheduling requirements.

Given a set of performance elements, X7, Xo, ..., X,, it is often required that
their values are collected as a bundle for the purpose of statistical analysis.
However, in many cases, some performance elements among X1, Xo, ..., X,, may
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Fig. 3. Internal architecture of BPS

have different frequency requirements for data collections, and there may be no
data that jointly satisfy the common data collection frequency (i.e., the least
common multiple).

In order to record such a set of data into the BPS database consistently
and efficiently, we define a data schema of the form (X, Xs, ..., X,,, A), where
A = didy...d, is a binary number of length n in which d;, i = 1,...,n, has
a value of 1 if the value of X; is recorded at the time when data collection of
X; is specified, and has a value of 0, otherwise. In the proposed data schema,
a new record (X1, Xo,...,X,,A) is inserted into the BPS database whenever a
new value of any element X;,7 = 1,...,n is obtained at time 7 according to a
sampling rule definition, and the values of all the other performance elements
within the scope defined in an SRD such that X;,j # ¢ are replaced by their
most recent values recorded since their current values were not collected at 7.
From the definition, d; = 1 and d; = 0,Vj # 4, in this case. We remark that
more than one performance element can be sampled at the same time since an
SRD is defined in an event driven manner.

The motivation behind introducing the above data schema comes from the
fact that undefined values and in particular the values of response variables that
were recorded at the time when data collection was not specified should not
be considered during the analysis. As an example, consider a factor analysis
involving three performance elements, X1, X5, and X3, in which the influence
of factors X; and X, against the response variable X3 is examined. When the
sampling frequencies for X7, Xo, and X3 are different, a simple data schema of
the form (X7, X5, X3) may produce the set of records like (a’, undef, ¢), (a”, b, ),
and (a”,b, ") where undef indicates that the value is undefined at the time of
data collection.
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While one viable approach to this problem would be to introduce a separate
data table for each data element, it will require an additional data field for main-
taining data collection times and subsequently a lot of join operations during the
analysis. In contrast, with the proposed data schema, we can maintain the size
of the BPS database more succinctly when the performance element data to be
collected have different sampling requirements. That is, if the BPS database had
the set of records, (a’,undef, ¢, 101), (a”,b,¢,100), and (a”,b, ', 111), following
the proposed schema, it is easy to see that the only meaningful data for analysis
would be the third record since the first record has an undefined value for the
independent variable X5 and the second record is obtained at the time when the
sampling of the response variable X3 was not specified.

3 xPIA in Action

In this section, we present some of screen shots of xPIA to elaborate on the
proposed concept in more detail. Fig. 4] shows a user interface of PEM in which
a data field of e-Form document is being mapped as a performance element.
The selected business process definition is shown on the left window in Fig. [
Through clicking a specific activity within the process, a user is provided with the
associated e-Form from which a data field of interest can be chosen for sampling.

The selected performance element then needs to be associated with an event
structure to define a sampling rule. As described in Section 2] an event struc-
ture is instantiated through defining the scope, trigger, and condition. For the
definition of these components, xPIA provides a dialogue-based user interface
which is a commonly used interaction method for defining rules [I3]. In this

File Edit Wiew Favorites Tools  Help

ek - () \ﬂ @ 1;} ;7 Search *Favurltes & £§v :\7

Element Mapping

Form Mapping
Process : [1001-07] .
109197 purchase Form: Formo2
Request No. 0 Quantity
Aequest Date ® Due Date ®
Product Name
Product
Deseription
Comments
confirm
Form Initiator L
Form Creation Date
Form01 Request Na
Form02 Quantity
Form03 Request Date
Form04 Due Date
Form05 Product Name i |
~|
Variable Selected MAPPING

Fig. 4. An example user interface for performance element mapping
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rule definition environment, rules are developed in a WYSIWYG syntactic rule
editor that graphically steps users through the process of writing rules. As an
example, Fig. [l illustrates the case in which the value of the considered perfor-
mance element is collected whenever the activity “ActivityName6” of process
“ProcessName2” is started.

Trigger Trigger

The PEs are collected whenever ProcessName2 and | Activity v The PEs are collected whenever ProcessName2 and ActivityName6 (and) are
Procets;s Forward > << Back  Forward >>
Trigger Trigger

The PEs are collected whenever ProcessName2 and ActivityName6 (and)

started v
<< Back Forward = <<Back Forward >>

started
ended

The PEs are collected whenever ProcessName2 and Activity (and) are

Trigger Trigger

The PEs are collected whenever ProcessName2 and  ActivityName6 ~ The PEs are collected whenever ProcessName2 and AclivityName6 (and) started

ActivityNamel & (and)..
ActivityName2 = <<Back Forward »»
ActivityName3

AdtivityName10 &

Fig. 5. Trigger definition for a selected performance element

Finally, xPTA also provides a simple performance analysis tool, named PQA
(Process Quality Analyzer), that currently supports two types of analysis: factor
analysis and performance prediction. The factor analysis module allows users to
derive some specified number of performance elements that are critical to the per-
formance of a business process in consideration. A simple least squares regression
model is used for this analysis [14]. Once the significant performance elements are
identified through the factor analysis phase, the performance prediction module
can be used for cause and effect analysis as well as process optimization. As
shown in Fig. [6 each performance element identified to be significant is dis-
played as a slide bar in this module so that a user can examine its effect of on
the processs performance by varying the value of the performance element.

As an example, Fig. [l illustrates the case in which five performance elements,
namely “accident location”, “car type”, “claim handler”, “accident hour”, and
“time taken for approval®, are identified as significant factors for the perfor-
mance named “claim handling time” of an automotive insurance claim handling
process. Through examining the effect of various combinations of those five per-
formance elements, one can derive a useful business rule such as “John is the
best person for handling the BMW accident that took place in the Harvard uni-
versity campus.” as mentioned in Section 2l Furthermore, this module can also
facilitate the optimization of process performance.
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Fig. 6. A screen shot of performance prediction module of PQA

4 Conclusion

The need for automated support from BPMSs that allows organizations to im-
prove their business processes is becoming critical. BPMS aims to automate,
integrate and optimize business processes to speed up critical business decision
making, increase operational efficiency, lower the cost of doing business, and
improve customer services. Yet, realization of continuous improvement of busi-
ness processes requires BPMSs to provide more information about the process
execution results than they currently do.

Recognizing this need, in this paper, we proposed a novel framework, named
xPIA, that attempts to automatically gather the business performance data
from various types of enterprise information systems in addition to BPMS itself.
Furthermore, compared to the current BAM and CPM solutions, xPTA provides
a distinct advantage in that it can collect performance data from a business
processs point of view, which can significantly facilitate the analysis for process
improvement.

The proposed framework is designed as an accelerator that can be seamlessly
integrated in to existing BPMS implementations. Therefore, it is anticipated
that it will increase the user acceptance of BPMS through making it a vital tool
for realizing the vision of continuous process improvement.
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Abstract. Real-time enterprises rely on user queries being answered in a timely
fashion and using fresh data. This is relatively easy when systems are lightly
loaded and both queries and updates can be finished quickly. However, this goal
becomes fundamentally hard to achieve due to the high volume of queries and
updates in real systems, especially in periods of flash crowds. In such cases, sys-
tems typically try to optimize for the average case, treating all users, queries, and
data equally. In this paper, we argue that it is more beneficial for real-time en-
terprises to have the users specify how to balance such a tradeoff between Qual-
ity of Service (QoS) and Quality of Data (QoD), in other words, “instructing”
the system on how to best allocate resources to maximize the overall user satis-
faction. Specifically, we propose Quality Contracts (QC) which is a framework
based on the micro-economic paradigm and provides an intuitive and easy to use,
yet very powerful way for users to specify their preferences for QoS and QoD.
Beyond presenting the QC framework, we present results of applying it in two
different domains: scheduling in real-time web-databases and replica selection in
distributed query processing.

1 Introduction

Globalization and the proliferation of the Web have forced most businesses to evolve
into real-time enterprises; it is always daytime in some part of the world! Such real-
time enterprises rely on vast amounts of collected data for business intelligence. Data
is processed continuously and typically stored in data warehouses, for further analysis.

Given the real-time nature of businesses in our fast-changing world, getting answers
in a timely fashion and using fresh data is of paramount importance. This is fairly easy
to do in periods of light load, however, it becomes fundamentally hard to achieve in
periods of high volumes of queries (e.g., multiple analysts working towards a deadline
for end of the year reports) or updates (e.g., influx of sales data because of a 3-day
special sale weekend)l. In cases of high load, systems will typically try to optimize for
the average case, treating all user queries and quality metrics equally.

In this paper, we argue that it is more beneficial for real-time enterprises to have their
users (business analysts in this case) supply their preferences on how the system should

! This scenario assumes a complete separation of operational and business analysis information
systems; the situation is even worse if these are coupled together under a single system.

C. Bussler et al. (Eds.): BIRTE 2006, LNCS 4365, pp. 143 2007.
(© Springer-Verlag Berlin Heidelberg 2007



144 A. Labrinidis, H. Qu, and J. Xu

balance the trade-off between Quality of Service (QoS) and Quality of Data (QoD), in
other words, instruct the system on how to best allocate resources in order to maximize
user satisfaction. We propose to do this by utilizing Quality Contracts, a framework for
describing user preferences that is based on a micro-economic model. Quality Contracts
(QCs) empower users to quantify QoS and QoD using their favorite metric(s) of interest
and to specify their preferences (in an intuitive and integrated way) for how the system
should allocate resources in periods of high load.

In order to compete successfully in today’s highly dynamic environments, real-time
enterprises are expected to rely on two types of querying capabilities. First, ad hoc
queries are utilized by business analysts to explore previously collected data; such
queries have been the staple of business intelligence units for decades. Secondly, con-
tinuous queries (CQs) are registered ahead of time and constantly monitor the incoming
data feeds to detect patterns and other precursors of customer behavior. The goal in such
cases is to provide actionable information as soon as possible, by continuously execut-
ing (i.e., re-evaluating) CQs with the arrival of new relevant data. Such CQs belong to
a new data processing paradigm, that of Data Stream Management Systems (DSMSs)
[Z1706/4120]. Clearly, both types of queries are crucial to improving the real-time en-
terprise’s performance.

Although there exist multiple metrics for measuring QoS or QoD for ad-hoc and for
continuous queries, they have two major shortcomings.

(1) Lack of a unified framework that can evaluate quality for both ad-hoc as well
as for continuous queries: Currently, quality measures used for ad-hoc queries (in
DBMSs) are different from those used for continuous queries (in DSMSs). It is not
clear how these two types of quality measures relate to each other in a system that
supports both kinds of queries. Many of these measures do not even have a bounded
domain, which makes comparison impossible. The major problem this limitation cre-
ates is with regards to provisioning of resources: the system does not have a common
framework to compare usage/utility of resources allocated to ad-hoc versus continuous
queries. As such, the system is forced to allocate resources separately to the two types of
queries with the danger of under-utilization and overloading, and all the consequences
that these bring. Another problem is that of usability: users must “learn” two sets of
quality metrics, one for traditional queries and one for continuous queries.

(2) Limited consideration of user preferences in evaluating QoS/QoD: The most
important deficiency of the current approaches to QoS/QoD is that they do not have
strong support for user preferences. In typical DBMSs (i.e., for ad-hoc queries), qual-
ity is simply reported as an overall system property (even if both QoS and QoD are
reported as separate measures); user preferences are not even considered. There are a
few exceptions to this. Work on real-time databases [12I1912] typically considers user
preferences on a single QoS metric (in this case: preference on response time by means
of a deadline) while attempting to maximize QoD. Our work on database-driven web
servers [16/T5I14]), balances the trade-off between QoS and QoD, while considering
user preferences on one of the two measures: given an application-specified QoD re-
quirement, the proposed system adapts to improve the overall QoS. Finally, as part of
our preliminary work (presented in the previous section), we extended the work of [12]
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to consider both QoS user requirements (i.e., deadlines) and QoD user requirements
(i.e., freshness threshold).

In DSMSs, user preferences are indeed considered to some degree. Looking at the
Borealis project [[1]] (which corresponds to the state of the art), we can see that a “Di-
agram Administrator” can provide QoS functions that could correspond to user pref-
erences (in the same way as in the Aurora project [3]). However, the different compo-
nents of the QoS (i.e., the Vector of Metrics) are aggregated into a single, global QoS
score, using universal weights. In other words, the same QoS components are used for
all queries and the same relative importance to each QoS component is assigned for
all queries via system-wide weights. This system-based approach has another negative
side-effect: the benefit of the overall system can often overweigh the benefit of the in-
dividual user or query (even by just a little), who/which can be “penalized” repeatedly
for the benefit of the others, thus leading to starvation.

Desired Properties. Given the previously mentioned deficiencies, we believe that an
effective framework for measuring QoS and QoD must have the following primary
properties:

— handle ad-hoc queries and continuous queries at the same time,

— allow the user to choose from an array of QoS/QoD metrics in order to specify
quality requirements/preferences,

— allow the user to combine multiple QoS/QoD metrics and indicate the relative im-
portance of each individual metric (as a component of the overall Quality for the
user),

— allow the user to specify the relative importance of different queries,

— do all of the above in a “democratic” way: it should not be that a user can always
specify his/her queries to be more important than everybody else’s, thus monopo-
lizing system resources.

In the next section, we describe the proposed Quality Contracts Framework that ad-
dresses all of the above challenges.

2 Quality Contracts Framework

We propose a unified framework for specifying QoS/QoD requirements in systems that
support both ad-hoc queries and continuous queries. Our proposed framework, Quality
Contracts, is based on the micro-economic paradigm [222118]]. In our framework, users
are allocated virtual money, which they spend in order to execute their queries. Servers,
on the other hand, execute users’ queries and get virtual money in return for their ser-
vice. In order to execute a query however, both the user and the server must agree on a
Quality Contract (QC). The QC essentially specifies how much money the server which
executes the query will get. The amount of money allocated for the query is not fixed
(as was the case in [21]]). Instead, the amount of money the server receives depends on
how well it executes the user’s query. In fact, in the general case, QCs can even include
refunds; a very poorly executed query can result in the user being reimbursed instead of
paying for its execution (accumulated refunds can improve the odds of the user’s query
executing properly later).
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Fig. 1. General form of a Quality Contract

Under the proposed scheme, a user can specify how much money he/she thinks the
server should get at various levels of quality for the posed query, whereas the server, if
it accepts the query and the QC, essentially “commits” to execute the queries, or face
the consequences. In this model, servers try to maximize their income, whereas users
try to “stretch” their budget to run successfully as many queries as they can.

A Quality Contract (QC) is essentially a collection of graphs, like the one in Figure[Tl
Each graph represents a QoS/QoD requirement from the user. The X-axis corresponds
to an attribute that the user wants to use in order to measure the quality of the results
(e.g., response time or delay). The Y-axis corresponds to the virtual money the user
is willing to pay to the server in order to execute his/her query. Notice that in order
to specify more than one QC (i.e., to judge the quality of the results using more than
one metric) the user must provide additional virtual money to the server. Put simply:
the server can hope to receive the sum of all max amounts of the different QC graphs
that a user submits along with a query. Of course, the level of money the server gets
is differentiated according to the value of the quality metric for the results. There is
also the possibility of the server having to issue “refunds” for queries that were not
satisfactory completed. Next, we present examples of QC graphs in order to illustrate
their features and advantages. For simplicity, we will use the dollar sign ($) to refer to
virtual money for the remainder of this paper.

2.1 Quality Contracts Examples

Figure [2| is an example of Quality Contract (QC) for an ad-hoc query submitted by
a user. This QC consists of two graphs: a QoS graph (Figure 2h) and a QoD graph
(Figure Pb). We see that QCs allow users to combine different aspects of quality. In
this example, the user has set the budget for the query to be $100; $70 are allocated
for optimal QoS, whereas $30 are allocated for optimal QoD. This allocation is one
important feature of the QC framework: users can easily specify the relative importance
of each component of the overall quality by allocating the query budget accordingly.
In the nextexample, we have QCs for two different continuous queries, Q1 (Figures[3h
&[Bb) and Q- (FiguresBk &[Bl), issued either by the same user or by two different users.
In addition to highlighting different types of QC graphs (including more complicated
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Fig. 2. QC example for one ad-hoc query. The QoS metric is response time, whereas the QoD
metric is data staleness. Data staleness is measured as the time between the last instant when the
physical world has changed and the instant when the the local storage has been updated (i.e., time
since the last update on a data item access by the query).

quality metrics such as those expressed by virtual attributes), this example also illustrates
another important feature of the QC framework: users can easily specify the relative
importance of each query by allocating their budgets accordingly. In our example, Q01
has a total budget of $100 (with the most important quality metric being QoD, allocated
$80 out of $100), and )2 has a total budget of $150 (with the most important quality
metric being QoS, allocated $120 out of $150). Finally, this relative importance can also
be evaluated over different types of queries altogether (e.g., the ad-hoc query of Figure[2]
can be executed at the same time as the continuous queries of Figure [3)).

2.2 Quality Contracts Implementation

We envision that a system which supports Quality Contracts (QCs) will provide a wide
assortment of possible types of QoS/QoD metrics to the users. Examples of such QoS
metrics include response time (esp. in connection with a soft or hard deadline), delay,
stretch (average, maximum), etc. Examples of QoD metrics in the presence of ad-hoc
updates include time-based, lag-based, and divergence-based definitions. Additionally,
examples of QoD metrics for continuous queries include drop-based (like the example
in Figure Bb), or value-based (i.e., assign worth to the user based on the values of the
result, as in Aurora [3]]).

Payment Stream. For continuous queries, QCs can be seen as a guarantee for a pay-
ment stream. In other words, the min/max virtual money values on the Y-axis corre-
spond to a rate of payment rather than a one-time payment amount, which is the case
for ad-hoc queries.

Virtual Attributes. One important aspect of QCs that we plan to explore further is
the ability to specify arbitrary quality metrics, in the form of virtual attributes that are
computed over other attributes, possibly including statistics of the entire system. We
have already seen an example of this in Figure Bk where the user specified QoS as the
delay his/her queries received when compared to the average delay in the system. We
expect such “comparative” QoS metrics to be rather frequent: it is probably harder for
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Fig. 3. QC example for two continuous queries )1 and (2. The QoS metric for Q1 is stretch,
or the factor by which a job is slowed down relative to the time it would have taken to execute if
it where the only job in the system, where as the QoS metric for Q2 is a virtual attribute. Virtual
attributes are computed over the entire system rather than just using the performance statistics of
the individual query. In this example, the user simply wants to guarantee that his/her queries are
not delayed more than average: the stretch observed for his/her queries needs to be at most one
standard deviation away from the average stretch of the entire system for maximum payoff at the
server ($120). The QoD metric for both Q1 and Q2 is the percentage of tuples delivered.

a user to specify exact timing requirements, but it is easier to specify that he/she wants
the submitted query to be executed within the top 20% of the fastest queries in the entire
system.

Parameterized QCs. Making QCs easy to configure is fundamental to their acceptance
by the user community. Towards this we plan on providing parameterized versions of
QC graphs that the users can easily instantiate. For example, we can have a parameter-
ized QoD function based on tuples dropped (similar to Figure 3b) with four parameters:
maximum worth (e.g., $80), maximum refund (e.g., -$20), percentage point beyond
which QoD drops below maximum (e.g., 80%), and percentage point after which user
is entitled to a refund (e.g., 20%). We can assume a piece-wise linear curve and allow
the user to specify more intermediate points. We can also assume a predetermined curve
and allow the user to specify even less parameters (e.g., only the maximum worth). Fi-
nally, parameterized QCs could also reduce the overhead of evaluating the QCs in the
system (by essentially “compiling” their definitions).

Contract Clauses. A simple form of a parameterized QC is that of a “contract clause”.
This is the case when the user essentially promises a “bonus” to the server when a
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certain quality metric is met (e.g., response time less than 30 minutes for a long analysis
query), but no virtual money otherwise. The QC graph in this case is a simple step
function, and the parameterized version needs two values: the maximum worth and the
turnover threshold.

QC Classes. Another way to increase usability of QCs and also reduce the overhead of
evaluating them is to introduce differentiated levels of service using different “contract
classes”. In this way, users simply assign queries to a predefined class with specific
characteristics (expressed by QCs) without having to specify a complicated QC. This
approach is also more scalable, since it reduces the overhead of evaluating the QC for
each query independently.

Overhead. We expect the overhead of evaluating different QCs to vary significantly.
For example, evaluating the delay observed by tuples is fairly easy to compute (e.g.,
Figure3b), whereas computing the average stretch and its standard deviation (e.g., Fig-
ure Bk) should be considerably more expensive. As such, we propose that the cost of
computing the QC is also included in the “price” that the user is supposed to pay to the
server for successful execution of his/her query under the given QC. This is a departure
from current practices (where most quality metrics were very simple and therefore of
similar cost), but is necessitated by the complexity of new, sophisticated quality metrics
whose overhead would unfairly burden the system, but they would still be attractive
to users. Given this setup, users still have a choice over a wide assortment of quality
metrics for QCs, but essentially they have to pay a “commission” if they want to use a
sophisticated metric.

2.3 Usability of Quality Contracts

The usability of the QCs must be address for the QC framework to be successful. Mak-
ing QCs easy to configure is fundamental to their acceptance by the user community. To-
wards this we expect service providers to support parameterized versions of QC graphs
(as mentioned earlier) that the users can easily instantiate. In fact, a simpler scheme is
one where the service provider has already identified a certain class of QCs for each
type of user (such as a pre-determined cell phone plan) and a user will simply have to
turn a “knob” on whether she prefers higher QoS or higher QoD (a local plan with more
minutes or a national plan with fewer minutes under the same budget). In this way, us-
ing QCs service providers can better provision their systems, provide different classes
of service, and allow end users to specify their preferences with minimal effort.
Although in this paper we align QoS to response time and QoD to data freshness, the
Quality Contracts framework is general enough to allow for any quality metric. An
example of this is the concept of virtual attributes that was introduced earlier, where
a user-defined function is used as the quality metric. Furthermore, we believe that the
notion of Quality of Data can be extended in multiple ways. First of all, it can be used
to measure the level of precision of the result (i.e., similar to data freshness, but us-
ing the values to determine the amount of deviation from the ideal, instead of time
since last update). Similarly, we can use approximate data to answer questions and this
can be “penalized” accordingly by the user (while it also poses a clear trade-off be-
tween response time and accuracy of results). Secondly, it can be used in systems that
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support online aggregation[[10], where user queries can return results at various level
of confidence. In such a case, QoD can be represented as a function over the confi-
dence metric. Finally, QoD can be used to refer to Quality of Information, where, for
example, a measure of trustworthiness of the provided information can be computed
and users may express how much they are willing to “pay” for high-quality results.

2.4 Quality Contracts — Discussion

The proposed QC framework meets all the challenges set forth at the introduction. It is
able to handle ad-hoc queries and continuous queries at the same time; by using virtual
money as the underlying principle, different metrics can easily be compared. The pro-
posed framework enables users to choose from a wide assortment of QoS/QoD metrics
in order to specify quality requirements/preferences. QCs allow the user to combine
multiple quality metrics for a single query and indicate their relative importance; the
same applies for multiple queries. By employing a virtual money economy, users can-
not monopolize resources (by falsely advertising their queries to be the most important),
but at the same time users are safe from starvation (by accumulating virtual money when
not “paying” for queries that executed below the acceptable quality level).

The proposed QC framework also introduces the following salient features. Indi-
vidual users, not system administrators, are those specifying user preferences; the vir-
tual money scheme is inherently intuitive and easy for users to grasp. To further in-
crease usability, parameterized and class-based QCs are introduced. A wide assortment
of QoS/QoD metrics (for both ad-hoc and continuous queries) is possible. The set of
Qo0S/QoD metrics is enhanced by allowing for virtual attributes, which enable compari-
son of the performance to the individual query to system-wide measures. To counteract
the evaluation cost of such sophisticated metrics, the overhead of computing them is in-
clude in the “price” of the query. The notion of refunds is introduced; this helps further
towards eliminating starvation.

3 Transaction Scheduling Under Quality Contracts

In the first application of Quality Contracts, we considered a web-database server (for
example, a stock quote information server) that answers user-submited ad hoc queries,
while it processes updates in the background. Clearly, in this environment, high volumes
of queries and/or updates can wreck havoc in the allocation of resources and result in
many queries having unpredictable response time and/or returning stale data. In such an
environment, the QC framework provides an intuitive way to express user preferences
(in terms of response time and freshness requirements for queries) and thus enable the
systtem to do a “better” job at allocating resources.

3.1 QUTS Scheduling Algorithm

We proposed the Query Update Time Share (QUTS) scheduling algorithm to op-
timize the system profit in the presence of QCs. QUTS is a two-level scheme that can
dynamically adjust the query and update share of the CPU, so as to maximize the overall
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Table 1. Quality Contracts Used in Performance Comparison

[Varying] ps | pd |rd]uu]
ps(5) 1 1.2....10]] 50  ]50[0
pd (5) 5 [1.2....,101]50[ 0

system profit. At the high level, it dynamically allocates CPU to either the query queue
or the update queue according to a profit. At the lower level, queries and updates have
their own priority queues and potentially different scheduling policies. Specifically, we
adopted Profit over Relative Deadline (PRD) [9] for queries and FIFO for updates. We
used multiversion concurrency control to allow for maximal concurrency.

3.2 QUTS Experimental Evaluation

We compared QUTS with two baseline algorithms (Updated-High and Global-Priority),
using both real and synthetic trace data. Our experiments showed that Quality Contracts
are able to capture a wide spectrum of user preferences and that QUTS consistently out-
performs existing methods, under the entire spectrum of quality contracts.

Baseline Algorithms:

— Update High (UH). UH has a dual priority queue where update queue has higher
priority than query queue [3]]. Priority schemes within each queue are same with
QUTS. Two Phase Lock - High Priority (2PL-HP) is used for the concurrency con-
trol, where low priority transaction is aborted and hands the lock to high priority
transactions. UH guarantees the highest data freshness, but it may waste a lot time
updating data that have no contribution to the system profit.

— Global Priority (GP). GP is a preemptive scheduling scheme with a single-priority
queue. The priority scheme for updates is High QoD Profit (HDP) which uses the
sum of QoD maximal profit from the relative queries. Query priority scheme is
HP (High Profit) which uses the sum of QoS maximal profit and QoD maximal
profit. 2PL-HP is used for concurrency control. GP automatically pushes behind
the updates which may not be contributing to the data quality of the queries, but it
may still lead to query starvation when a surge of “good” updates arrives.

Experimental Setup. We used query traces from a stock market information web site
and update traces from NYSE to drive our experiments. As part of the experimental
setup, we attach a QC t o every query before it is submitted to our system. The QC is
in the form of a positive, linear, monotonically decreasing function. Such QCs can be
defined by four parameters: ps (the QoS profit if the query is return before deadline), rd
(relative deadline which is the difference between deadline and query arrival time), pd
(the QoD profit if the query is return with data meet the freshness requirement), and uu
(number of unapplied updates which measures the maximal staleness allowed). Since
there are four parameters in a quality contract, we vary one and fix the others to median
values to see how the performance changes. Due to the space limitations, we only show
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‘ ——UH oGP -B- QUTS ‘ ‘ ——UH o-GP - QUTS ‘
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ps ($) pd ($)
(a) vary QoS max (ps) (b) vary QoD max (pd)

Fig. 4. QUTS performs best for all settings. UH performs worst because too many unnecessary
updates execute and starve most of the queries; GP avoids those unnecessary updates. However,
due to the global prioritization, starvation on queries or updates can easily occur, which jeopar-
dizes the performance. QUTS works best because the time share scheme successfully avoids the
starvation problem of GP.

two cases here (Figure[I)). We measure the performance by computing how much profit
has the system gained, normalized by dividing the actual gained profit over the maximal
possible profit, or what we call the Tozal Profit Percentage (TPP).

Experimental Results. Figure[d(a) shows the TPP as a function of ps. QUTS performs
the best among the three which almost reaches the maximum TPP. Note that the per-
formance gap is bigger for smaller pd (when the QoS constraint is more important than
the QoD constraint), which is usually of more interests in real applications. Likewise,
Figure[d(b) plots TPP vs. pd. Again, QUTS outperforms all others.

4 Distributed Query Processing Using Quality Contracts

In the second application of Quality Contracts, we considered a distributed query pro-
cessing environment, such as those that could be in place by a collaborative business
intelligence application, where data is replicated across multiple nodes. On the one
hand, data replication in this context is expected to improve reliability, expedite data
discovery, and increase performance (i.e., Quality of Service, or QoS). On the other
hand, however, it is also expected to have a negative impact to the Quality of the Data
(QoD) that are being returned to the users. Getting results fast is crucial of course, but
usually a limit to the degree of “staleness” is needed to make the results useful.

4.1 Replication-Aware Query Processing Scheme

We proposed Replication-Aware Query Processing (RAQP) [23]], to address the prob-
lem of replica selection in the presence of user preferences for Quality of Service and
Quality of Data (expressed as QCs).

Using the Quality Contracts framework as a natural and integrated way to guide
the system towards efficient decisions, the RAQP scheme optimizes query execution
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Table 2. Default System Parameters in Experiments

| Simulation Parameter | Default Value |
Core Node Number 100
Edge Node Number 1000
Unique Data Source 1000
Unique Data Number Per Data Source | U(10, 100)
Data Size U(20, 200Mb)
# of Replicas Per Data U(10, 30)
Bandwidth between each pair of Nodes|U(1, S0Mbps)

plans for distributed queries with Quality Contracts, in the presence of multiple repli-
cas for each data source. Our scheme follows the classic two-step query optimization
[2IUTTUT3]): we start from a statically-optimized logical execution plan and then apply
a greedy algorithm to select an execution site for each operator and also which replica
to use. The overall optimization goal is expressed in terms of “profit” under the QC
framework (i.e., the approach balances the trade-off between QoS and QoD).

4.2 RAQP Experimental Evaluation

We evaluated our proposed replication-aware query processing algorithm experimen-
tally by performing an extensive simulation study using the following algorithms:

Exhaustive Search (ES): Explore the whole search space exhaustively, thus guar-
anteeing to find the optimal allocation.

RAQP-G: Greedy replication-aware initial allocation plus iterative improvement.
— RAQP-L: Bottleneck breakdown, local exhaustive search & iterative improvement.
Rand(k): Random initial allocation plus k steps of iterative improvement (used as
a “sample” of the search space).

Experimental results. One of the important features Quality Contracts hold is that
users can easily specify the relative importance of each component of the overall qual-
ity by allocating the query budget accordingly. In order to observe the algorithm per-
formance under different environments, we classify the users’ quality requirements into
6 classes. We have three values for QoS and QoD: high (75), low (25), same (50) and
two types of slope for the QC function: small and large, which produce 6 seperate
classes. We report our results in Figure[3l Since our allocation initialization algorithm
was aimed at response time improvement, QoS got more improvement than QoD in all
the cases. Especially when QoS was assigned a higher budget, the effect on both QoS
and total profit were obvious. When QoD was assigned a higher budget, the relative
improvement of QoD also increased compared to the lower budget case. Our results
clearly confirmed the functionality of Quality Contracts and our RAQP algorithm. As-
signing higher “budget” to a quality dimension ends in that dimension achieving better
performance by our optimization algorithm. The larger the budget difference the larger
the difference in the resulting quality. This behavior is unique to our algorithm and
allows the system to tailor its behavior according to the preferences of its users.



154 A. Labrinidis, H. Qu, and J. Xu

Profit
@
g

Profit

60 60
40 mQos 40 maos

0 0
Rand(1) Rand(5) RAQP-G RAQP-L  ES Rand(1) Rand(5) RAQP-G RAQP-L  ES

(a) QoS > QoD, QCslope:Large (b) QoS = QoD, QCslope:Large

Profit
@
g

Profit
@
g

% BQos P maos

0
Rand(1) Rand(5) RAQP-G RAQP-L  ES Rand(1) Rand(5) RAQP-G RAQP-L  ES

(c) QoS < QoD, QCslope:Large (d) QoS > QoD, QCslope:Small

Profit
@
g

Profit
@
8

P mQos o BQos

0 o
Rand(1) Rand(5) RAQP-G RAQP-L  ES Rand() Rand(5) RAQP-G RAQP-L  ES

(e) QoS = QoD, QCslope:Small (f) QoS < QoD, QCslope:Small

Fig. 5. Total profit of the algorithms under different classes

5 Conclusions and Future Work

In this work, we presented the Quality Contracts (QCs) framework that can be used
to express user preferences for the QoS and QoD of submitted queries. QCs are based
on the micro-economic paradigm and allow users to choose from a wide spectrum of
QoS/QoD metrics, while, at the same time, indicating their relative importance. The
QC framework is very intuitive, from a user perspective, and also provides a “clean”
way for the system to quantify user preferences and allocate resources accordingly. It
also integrates handling of both ad hoc and continuous queries that are crucial for real-
time enterprises. Finally, we applied the QC framework in two different application
domains: transaction scheduling in web databases and distributed query processing.
For both cases, we introduced new algorithms that utilize the QC framework and also
presented experimental results that illustrate the applicability of QCs and the high per-
formance of our proposed algorithms.
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