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ABSTRACT

A good multimedia database management system (MDBMS) should be ableto store,
retrieve, and manage rich semantic data in multimedia database systems. Due to the
complexity of real-world applications, the number o databases and the volumes o
data in databases have increased tremendously. With the explosive growth in the
amount and complexity of data, how to effectively manage the network of databases
and utilize the large amount of data becomes i mportant.

For this purpose, a probabilistic network-based mechanism for constructing a fed-
eration of data warehouses and speeding up information retrieval to facilitate the
functionality of an MDBMS is proposed. Our solution procedure consists of three
steps. First, we build the probabilistic network by reasoning the probability distri-
butions and mining the generalized affinity-based associations from a set of historical
data collected from the network of operational databases. By doing so, the summa-
rized and useful knowledge can be discovered. Second, we derive a similarity measure
method to construct afederation of data warehouses 0 as to reduce the number of
inter-warehouse accesses required for queries. Those databases with high similarity
values are placed in the same data warehouse. The similarity value is measured via a
stochastic process from the mined probability distributions. Third, a second stochas-
tic process generates a list of possible paths with respect to a given query and specifies
the particular media objects over the constructed data warehouses so as to speed up

multimedia query processing and information retrieval.
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1. INTRODUCTION

1.1 Motivation and Problem Definition

The exponential growth of computer networks and data-collection technology has
generated an incredibly large offer of products and services for the users of the com-
puter networks. Recently, multimedia information systems have emerged as a fruitful
area for research due to the recent progress in high-speed communication networks,
large capacity storage devices, digitized media, and data compression technologies
over thelast few years. Multimediainformation has been used in several applications
including manufacturing, medicine, education, business, entertainment, etc. A typ-
ical example is to browse through or query a list of merchandise by reading prices
(text data), listening to descriptions (audio data), and viewing demonstrations (video
data). With theincreasing use of multimediadatabase systems, there is the need for
a multimedia database management system (MDBMS) which has the capabilities to
provide a suitable environment for storing, managing, and retrieving data in multi-
mediasystems. Here, MDBMSs are considered since an MDBMS stores and manages
not only images, audio, graphics, animation, and full-motion video, but also text asin
traditional text-based databases. Also, data access and manipulation for multimedia
databases are more complicated than those o the conventional databases sinceit is
necessary to incorporate diverse media with diverse characteristics.

Asthe application complexity increases, the number of databases and the volumes
of data in databases have increased tremendously in such an information-providing
environment. With the explosive growth in the amount and complexity of data, the
need to extend the database technology to effectively manage the databases and uti-
lize the large amount of data has posed a great challenge to the database research
community. The advanced data storage technology and database management sys-

tems have increased our capabilitiesto collect and store data of all kinds. However,



our ability tointerpret and analyzethe datais still limited, creating an urgent need to
accelerate discovery of information in databases. In response to such a demand, data
warehousing and data mining techniques [5, 7, 47] are emerging to extract the previ-
ously unknown and potentially useful knowledge, to provide better decision support,
and to increase business opportunities. The overall knowledge discovery in databases
(KDD) process includes the preprocessing and postprocessing of data as well as in-
terpretation of the discovered patterns as knowledge, while the data mining methods
and algorithms aim solely at extracting patterns from raw data [16]. As pointed out
by [29], there is a need and an opportunity for an at least partially-.automated form
of KDD, or data mining to handle the huge size of real-world database systems.

Data warehousing employs database technologiesfor storing and maintaining data.
A data warehouse is subject-oriented and contains integrated data[18]. A dataware-
house does not create value by itself; value comes from the data in the warehouse
[46]. Different data warehousing views can be generated for different applications. In
data warehouse views, the data values are aggregated from a collection of data from
the underlying operational databases. In data warehousing, the summarized and
consolidated information from data is more important than the detailed individual
data, and may not be available directly from the data. For this purpose, data min-
ing techniques are used. Data mining is a process for extracting nontrivial, implicit,
previously unknown and potentially useful information from data. Many other terms
such as knowledge discovery, knowledge mining, knowledge extraction, data archaeol-
ogy, data dredging, and data analysis carry a similar or slightly different meaning in

the existing articles and documents [7].

Three of the most common methods in data mining are association rules [42, 43],
data classification [6, 25] and data clustering [15, 50]. Association rules discover
the co-occurrence associations among data. Data classification is the process that
classifies a set of data into different classes according to some cornmon properties
and classification models. Finally, data clustering groups physical or abstract objects

into disjoint sets that are similar in some respect. In traditional databases, data



clustering places related or similar valued records or objects in the same page on
disks for performance reasons. A good clustering method ensures that the intra-
cluster similarity is high and the inter-cluster similarity is low. However, since the
data in each multimediadatabase is structural in nature and the workloads are query
intensive with mostly complex queries that tend to access information across multiple
multimedia databases, we consider conceptual database clustering rather than data
clustering in this study. Similar to data clustering, database clustering is to group
related multimediadatabases in the same cluster (datawarehouse) such that theintra-
cluster similarity is high and the inter-cluster similarity islow. Here, two multimedia
databases are related in the sense that they either are accessed together frequently

or have similar objects.

Though data warehousing and data mining are two separate topics and practices,
they are closely related in applications [3]. For example, the growth of data ware-
housing in organizations is one important connection between data :miningand data
warehousing. The raw material (raw data) in the data warehouses is the main source
for data mining, i.e., to prepare clean and well-documented databases for the data
warehouses. Data warehousing and data mining technologies have been beneficia to
many industries such as the manufacturing, retail, transportation, healthcare, and
telecommunications since they offer the capability to sort, analyze, manipulate, and
guery data. For example, by utilizing the data warehousing and data mining tech-
niguesin the market-basket analysisin a retail store, the retail store learns what items
its customers frequently purchase together and places these items in market baskets.
Thegoal isto understand the behavior of typical customersas they navigate the aisles
o the store. Suppose that many customers will walk fron: one to the other of those
items which are purchased together frequently. Then the owner of the store can put
some high-profit items tempting such customers between those items to induce more
impulse buying to increase profits. Finding patterns in the biological data from the
fields of DNA and protein analysis improves the healthcare industry. Furthermore,

several emerging applications in information providing services, such as on-line ser-



vices and the World Wide Web, also call for various data warehousing/data mining
techniques to better understand user behavior, to ameliorate the service provided,
and to increase the business opportunities. To make use of the huge amount of data
which is unexplorable under current techniques, data warehousing and data mining
are the techniques needed.

The cost of query processing is pretty high when accessing these (databases. How-
ever, if the related databases are conceptually grouped together, the cost of query
processing can be expected to be reduced since these databases usually belong to
a certain application domain and are required consecutively on some query access
path. Hence, the need to perform database clustering by discovering the summarized
knowledge in the databases to accelerate query processing has become inevitable.
This motivates us to cluster the network of databases into beneficial data warehouses
based on the access behavior of the application queries. For those users who wish
to access only parts of the databases, they can access the data from the appropriate
clusters without going through the whole network of databases. In other words, the
set of data warehouses provides a flexible means of sharing information among all the
databases since it allows users to incrementally and dynamically access the informa-

tion they want without being overwhelmed with all of the unstructured information.

1.2 Synthetic Outline of My Work

Unlike traditional text-based database systems, information in multimedia sys-
tems is highly volatile and semantically rich. Data access and rnanipulation for
multimedia database systems are more complicated than those of the conventional
database systems since it is necessary to incorporate diverse mediawith diverse char-
acteristics. Therefore, a good MDBMS (multimedia database management system) is
a necessity for a network of databases. Recent papers related to multimedia database
systems can be categorized in the following application domains: speech recognition,
word recognition, signal processing, handwriting recognition, and document/passage
retrieval [2,22, 26, 28, 32]. However, thefocus of the above research is on the low-level

feature recognition of multimediadata; while our approach addresses the need for a



mechanism at the database management point of view. In addition, query processing
in multimedia database systems, in general, involves not only the closely interrelated
communication cost and processing cost but also the capability to handle the rich

semantic data.

Toward this end, we have proposed and developed a probabilistic network based
mechanism to support the dynamic discovery of knowledge units within a network of
databases. The mechanism is based upon a core set o database constructs that char-
acterize object database systems, along with aset o queries with the probabilistic de-
scriptions of database access patterns. The mechanism provides a uniform framework
for organizing, mining, managing, and utilizing database information. units within an
environment of multiple, autonomous, interconnected multimedia 'databases. The
network of databases is modeled as a probabilistic network with the affinity relations
of the multimedia databases embedded in some probabilistic models. The proposed
Markov mode! mediator (MMM) mechanism serves as the probabilistic model for each
node in the probabilistic network. MMMs adopt both the Markov Model framework
and the mediator concept. A Markov model is a well-researched mathematical con-
struct which consists of a number of states connected by transitions:. [48, 49] define
a mediator to be a program that collects information from one or more sources,
processes and combines it, and exports the resulting information. In other words, a
mediator is a device regarded as a framework for performing integration over multiple

databases and expresses how the integration is to be achieved.

With the help o probabilistic networks, methods can be developed to discover
useful information and knowledge for the multimedia database systems via proba-
bilistic reasoning. The proposed MMM mechanism alows us to query different media
types and manage the rich semantic multimediadata. In an MMM, each node repre-
sents a media object since the primitive constructed or manipulated entities in most
multimedia systems are media objects. A media object could be a video clip, an
image, a text file, or a complex entity of these simpler entities [4]. Each media object

in an MMM s associated with an augmented transition network (ATN) which is a



model for multimedia presentations, multimedia database searching, and multimedia
browsing [8, 9, 10].

In addition, the proposed probabilistic network-based mechanism facilitates the
functionality of an MDBMS by three steps. First, a stochastic process performs
probabilistic reasoning to derive sets of probability distributions from a set of his-
torical data and build a probabilistic network. The set of historicall data is used as
the training traces for finding the probability distributions. Second, a federation of
data warehouses is constructed based on the mined probability distributions [37, 39].
Third, a second stochastic process generates a list of possible state sequences with
respect to a given query and indicates which particular media objects to query over
the constructed data warehouses [38, 39]. After the second stochastic process, mul-
timedia database searching becomes handy. When the required media objects are
predicted, the corresponding ATNs are traversed for information retrieval. Moreover,
since there might be multiple data warehouses constructed in the first stochastic pro-
cess, if an MMM cannot provide all the information for a query, then the second
stochastic process is applied to other MMMs until all the information for the query

is found.

1.2.1 Markov Models

A Markov model consists of a number of states connected by transitions. The
states represent the alternatives of the stochastic process and the transitions contain
probabilistic and other data used to determine which state should be selected next.
All transitions S; — S, such that Pr(S; | S)) > 0 are said to be alowed, the
rest are prohibited. A discrete-parameter Markov process or Markov sequence is
characterized by the fact that each member of the sequence is conditioned by the
value of the previous member of the sequence. A Markov Chain is a (dynamicsystem,
evolving in time. Since the current member, 1, is conditionally independent of zq,
T1, ..., Tx_1 given zy, the branch probabilities are independent of the time index K.
Therefore, the Markov Chain is said to be homogeneous. The stochastic behavior of

a homogeneous chain is determined completely by the probability distribution for the



initial state and the one-step transition probabilities.

Many applications use Markov model as a framework such as Hidden Markov
Models (HMMs) which are based on modeling patterns as a sequence of observation
vectors derived from a probabilisticfunction of a non-deterministicfirst-order Markov
process in speech recognition [31], and Markov Random Field Models permit the
introduction of spatial context into pixel labeling problems and lead to algorithms
for generating textured images, classifying textures, and segmenting textured images
[33, 12, 17]. However, no existing research uses Markov models as a framework in

designing a database management system.

1.2.2 Terminology

The definitions of the terminology used in this report are introduced below.

e media object: A media object is the primitive constructed or manipulated
entity in most multimedia systems and it could be a video clip, an image, a text
file, or a complex entity of these simpler entities. A mediaobject is represented
asanodeinan MMM and has a set of attributes/features whose descriptionsare
available in d;. A mediaobject is denoted by C; ;, where the index 'i‘indicates
the database identification and ‘%’ represents the media object identification

within d;.

e attribute/feature: A class of attributes or features, O; ;» where ‘%’ denotes
the attribute/feature identification, associated to a media object C;; are to
characterize C; ; and to represent the information pertaining to the d; available
to the application queries. The values of i, j, k are unique. Each media object

has its own set of attributes/features.

e relationship links Two types of relationship links are captured in the MMM
mechanism - equivalence and interaction. In a single database, media object
equivalence cannot exist in two different media objects since a database schema
represents a non-redundant view. As such, only media objects across different

databases can have an equivalence relationship.



1. equivalence links: The notion of real world states (RWS’s) [20, 27], i.e.,
the scope of the real world the two media objects are designed to reflect in
the database, is used to compare two mediaobjects. Two mediaobjectsare
deemed to possess the same real world states if they represent the same
sets of instances of the same real world entity. Two media objects C; ;
and C,, , are said to be equivalent if RWS(C; ;)=RWS(C,, ). Equivalence
links are used to connect the two equivalent media objects across different

databases together.

2. interaction links: Interaction links are to represent relationships other
than the equivalence relationships. All the relationship linksfor the media

objects in a database are considered as the interaction links.

123 Overview of the Probabilistic Networ k-Based M echanism

Our proposed system specifically considers the interrelation and sharing of infor-
mation units managed by alarge scaled network consisting of heterogeneous databases.
In other words, some o the databases are relational, some are object-oriented, some
are hierarchical, and some are multimedia. However, since a multimedia informa-
tion system stores and manages not only images, audio, graphics, animation, and
full-motion video, but also text as in traditional text-based databases, the network
is represented by a set of multimedia information systems. Figure 1.1 illustrates the
overview of thesystem architecture. This system contains six main parts which arethe
multimedia resource subsystem, the knowledge discovery subsystem, the probabilistic
network subsystem, the data warehouse subsystem, the query processing subsystem,
and the information retrieval subsystem [37, 38, 39]. This report focuses on how
the federation of data warehouses is constructed and thus covers only the knowledge
discovery subsystem, the probabilistic network subsystem, and the data warehouse

subsystem. The complete discussion of the mechanism isin [40].

e the multimedia resource subsystem
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Fig. 1.1. The system architecture of the proposed probabilistic
network-based mechanism. The system architectureis composed of six main
subsystems which are the multimedia resource subsystem, the knowledge discovery
subsystem, the probabilistic network subsystem, the data warehouse subsystem, the
query processing subsystem, and the information retrieval subsystem. Each
subsystem is enclosed by a box and consists of two or more modules. The control
flow is represented by the arrows.

user query




Multimedia
Database
System
|
Audio Text Text Image
__Database Database Database | Database
*Company ~ *Emp * Dept * InletValve
*Employee ¥ Department ¥ Secretary * NeedleSeat
* Project * Engineer * InletNeedle
* Manager * Manufacturer

Fig. 1.2. An example multimedia resource subsystem. The multimedia
resource subsystem has four resource databases - one of them is an audio database,
one of them is an image database, and the other two are text databases. Each
database has its own defining properties represented by its media objects.

The multimedia resource subsystem consists of four modules - multimedia re-
sources, multimediaresource schemas, resource databases, and a set o historical
data. Each multimediaresourceis associated with adesignated resource schema
which defines the set of media object definitions with their attributes. The re-
source database is a set of persistent objects which are instances of the media
objects defined in the schema. The set of historical data includes the usage
patterns of the media objects with respect to the set of sample queries and the
access frequencies of the sample queries. The multimedia resource databases
together with the set of historical data provide the prior information. The in-
formation in the resource databases and the historical data are the inputs to

the knowledge discovery subsystem and the probabilistic network subsystem.

Throughout thisreport, an example multimedia database system isused toillus-
trate how the proposed mechanism works. Asshownin Figure 1.2, therearefour
multimedia resource databases in the multimedia resource subsystem. Oneisan
audio database, oneis an image database, and two are text databases. The text
databases are the traditional databases which can be relational, object-oriented,

or hierarchical. Since things in the world around us have a defined physical



meaning, each multimedia database has a set of media objects and each media
object has its own set of attributes/features. Therefore, we think of a database
in connection with its media objects and attributeslfeatures. For example, a
table and its attributes in a relational database can be mapped to a media ob-
ject and its attributeslfeatures. Asfor the audio and image databases, besides
the audio/image data, the databases contain several properties that are useful
in the context of archiving numerous audio/image entries [24]. For example,
in the audio database, the media object Company contains a hame attribute,
a profile attribute, a president attribute, and a set of emp_name attributes.
These attributes allow the user applications to query the audio database for
certain desired information. The following lists the media objects and part of

the attributes/features in the example multimedia resource subsystem.

d; ={Company, Employee) = {C1,1,C12};

Ci,1 & {name, profile, president, emp_name} = {O1,1,1,01,1,2,01,1,3,011,4};
d; ={Emp, Department, Project}={C3,,Cs.2, Ca3};
ds = {Dept, Secretary, Engineer, Manager) ={C3,,C32,Cs3,C34};

d; = (Inlet Valve, NeedleSeat, InletNeedle, Manufacturer) ={Cy1,C4,2,Cs3,Csa}.

the knowledge discovery subsystem

The generalized affinity-based association mining process supports the knowl-
edge discovery subsystem. The association mining process consists of two mod-
ules (phases). Phase | checks a set of constraints: (1) minimum interest thresh-
old, (2) interest constraint, and (3) refinement constraint iteratively to construct
a candidate set. In Phase II, a minimum confidence threshold is first used to
cut down the size o the candidate set. Then, some further conditions can be
imposed to get rid of any unreasonable pairs in the candidate set. After the
two phases, the discovered knowledge (i.e., the pairs of quasi-equivalent media
objects) is then input into the probabilistic network subsystem to alow the con-

struction of a probabilistic network for all the multimediaresource systems. We



use the quasi-equivalent relationship to approximate the structurally equivalent

relationship.

the probabilistic network subsystem

There are two modulesin the probabilistic network subsystem.. The first module
takes the information from the multimedia resource subsystemand constructs lo-
cal MMMs viadata mining and probabilistic reasoning. Each resource database
is modeled by a local MMM whose three probability distributions — the state
transition probability distribution, the observation symbol probability distribu-
tion, and theinitial state distribution — are mined in the probabilistic reasoning
process. After all the local MMMs are constructed, a stochastic process which
uses the probability distributions of the local MMMs is applied to measure
how similar two local MMMs (resource databases) are. The similarity measures
from the first module together with the knowledge (i.e., the quasi-equivalence
relationships of the media objects) discovered in the knowledge discovery sub-
system are used in the second module to construct the probabilistic network.
The discovered quasi-equivalent media object pairs determine the topology of

the probabilistic network (or the browsing graph).

Each resource database is associated with a node in the probabilistic network.
Two nodes are connected in the probabilistic network only if these two resource
databases have quasi-equivalent media objects. Without loss of generality, two
nodes are connected by two opposite directed arcs since the structural equiv-
alence relationship is bi-directional. The probability distributions of the local
MMMs together with the topology of the probabilistic network are then the
inputs to the data warehouse subsystem to construct a federation of data ware-

houses.

the data warehouse subsystem

The data warehouse subsystem consists of two modules. The first module takes

theinputs sent by the probabilistic network subsystemand generates afederation



of data warehouses via invoking a traversal-based greedy database clustering
strategy. After the formations of the data warehouses, an integrated MMM for

each data warehouse is constructed in the second module.

During the summarized information step, the data warehouse module formu-
lates the three probabilistic distributions for each integrated MMM and dis-
covers summarized/useful knowledge within each data warehouse. Then, all
the information mined in the summarized information step isforwarded to the
integrated MMM module. In addition to the information forwarded from the
first module, the integrated MMM module takes another input - users queries.
The integrated MMM module accepts users' queries, extracts the required at-
tributes/features from them, and submits the attributes/features to the query
processing subsystem. In other words, the integrated MMMs are the basic units

for processing user queries.

the query processing subsystem

The query processing subsystem consists of two modules: the lattice gener-
ation module and the path ranking module. Based on the set of the at-
tributes/features extracted from a query and submitted by theintegrated MMM
module, a stochastic process is applied to generate alattice (or trellis) structure
for thegiven query in thelattice generation module. This stochastic process per-
forms a proposed dynamic programming approach to compute the edge weights
and the cumulative edge weights of the edges on the lattice. The generated lat-
tice yields a list of possible state sequences (media object sequences) to avoid
exhaustive search. Searching databases one by one for a query is very time-
consuming and expensive especially under a multimedia inforrnation providing

environment.

The complexity of a query depends heavily on the order in which the databases
are searched for a successful path. Therefore, if the possible paths can be

identified to locate information efficiently, then query processing can be speeded



up. As a result, the proposed dynamic programming algorithm is applied to
rank thelist of possible state sequences yielded by the first module in the path
ranking module. Thus, the path ranking module selects the potentially relevant
media objects for the query. From the experience, there will be only a limited
number of possible paths sent by thefirst module which reduces the complexity

of the path ranking procedure in the second module.

the information retrieval subsystem

The information retrieval subsystem takes the ranked paths identified by the
query processing subsystem to retrieve the required information for the query.
There are three modules in this subsystem — the multimedia browsing module,
the multimedia searching module, and the multimediapresentation module. As
mentioned previously, information retrieval in the proposed MMM mechanism
lies on the ATNs associated with the media objects in the integrated MMMs.
Once the required media objects for a query are identified along a path in the
query processing subsystem, information retrieval simply traverses the ATNSs of

those identified media objects.

These three modules are interleaving in the sense that a user might at the
same time need to browse through all the possible paths, to traverse the ATNs
and/or subnetworks of the media objects along each path, and to watch mul-
timedia presentations to get the information he or she wants for a query. To
retrieve information for a query, several steps need to be executed. First, the
query is translated into a multimedia input string. Next, a proposed substring
matching algorithm is invoked which completely matches or partially matches
the multimediainput string of the query to the multimediainput strings of the
ATNs or their subnetworks of the mediaobjects along a path. If the query con-
tains topics related to video data, then the multimedia presentation module is
invoked. Finally, since all the possible paths are ranked, the top ranked path is
first given atry. If the top ranked path cannot provide the information required



for the query, then the next ranked path is considered. This is repeated until

the information required for the query can be obtained.

1.3 The Markov Model Mediator (MMM)

The essence of a distributed information-providing environment is a large num-
ber of databases which are navigated by queries. Many queries in such a distributed
information-providing environment require not only the detailed and individual records
but also the summary and consolidated information in the databases. In addition,
the cost of query processing is very expensive especialy in such a large-scaled envi-
ronment because the workloads are query intensive with mostly complex queries that
tend to access millions of records from a set of databases.

As a result, the network of databases is modeled as a probabilistic network with
the affinity relations of the databases embedded in some probabilistic models. For this
purpose, we have proposed a unified model called Markov Model Mediators (MMMSs)
to serve as the probabilistic models for the probabilistic network. There are two
stochastic processes related to MMMs. The first stochastic process performs proba-
bilistic reasoning and discovers the summarized knowledge to construct a federation
of data warehouses via the use of a set of historical data, i.e., a probabilistic descrip-
tion of the expected access patterns of the media objects. Since MMMs possess the
stochastic property of Markov Models, the conceptual database clustering is based
on complex statistical and probabilistic analyses which are best understood by ex-
amining the network-like structure in which those statistics are stored. The second
stochastic process generates a list of possible state sequences with respect to a query
and indicates which particular media objects to query over the constructed data
warehouses.

1.31 Componentsof anh MMM

There are two types of MMMs - local MMMs and integrated MMMs. Each mul-
timedia database is modeled as a locd MMM and each data warehouse is modeled
as an integrated MMM. An MMM (local or integrated) is represented by a 6-tuple
A= (S,F,A,B,I1,¥) where Sis a set of media objects called states; F is a set of



attributes/features; A4 is the state transition probability distribution; B is the obser-
vation symbol probability distribution; II is the initial state distribution; and ¥ is a

set of augmented transition networks (ATNs).

An MMM consists of a sequence of states which represent the mecliaobjects (inS)
in the multimedia databases. Since different media objects may have different types
of attributes or features, each mediaobject has its own set of attributes/features (in
3) . Thestates are connected by directed arcs (transitions) which contain probabilistic
and other data used to determine which state should be selected next. All transitions
Si — S; such that Pr(S; | S;) > 0 are said to be allowed, the rest are prohibited.
Pr(S; | S;)is greater than 0 when the media objects S; «nd S; have been accessed
together by the queries or have a structural equivalence relationship. Essentialy, an
MMM is a stochastic finite state machine with a stochastic output process attached
to each state to describe the probability of occurrence of the output symbols (states).
A, B, and II are the probability distributions for an MMM and play as the major
roles in the stochastic processes. The elementsin S and 3determine the dimensions
of A and B. The formulationsof A,B, and II for an MMM and the construction of
the data warehouses will be introduced in the next few sections. Since those local
MMMs which are accessed frequently are placed in the same data, warehouse, the
integrated MMMs are used in the second stochastic process to find the possible list

of state sequence for a query.

The augmented transition network (ATN) is a semantic model to model multi-
media presentations, multimedia database searching, and multimedia browsing. An
ATN can be represented diagrammatically by alabeled directed graph and it consists
of afinite set of state nodes connected by the labeled directed arcs. The arcsin an
ATN represent the time flow from one state node to another. An arc represents an
allowable transition from the state node at its tail to the state node at its head, and
the labeled arc represents the transition function. An input string is accepted by an
ATN if there is a path of transitions which corresponds to the sequence of symbols

in the string and which leads from a specified initial state to one of a set of specified



final states. Subnetworks are developed to allow the users to choose the scenarios rel-
ative to the spatio-temporal relations of the video or image contents or to specify the
criteria based on a keyword or a combination of keywords in the queriesin an ATN.
Information in text databases can be accessed by keyword: viathe text subnetworks.
For example, if a text subnetwork contains the keyword " Purdue University Library,"
then the Purdue University library database is linked viaa query with this keyword.
The most significant advantage of subnetworks is that a subnetwork can represent an
existing media object. In other words, a subnetwork can be shared by multiple mul-
timedia databases, and thus any change in a subnetwork will autoinatically change
the contents of the multimedia databases that include the subnetwork. The inputs
for ATNs are modeled by multimediainput strings. Also, each subnetwork has its
own multimediainput string. Database searchingin ATNs s performed viasubstring
matching between the multimedia input string(s) of the ATN (and its subnetworks)
and the multimediainput string of a given query. Therefore, each rnedia object has
an associated ATN. When the required media objects are predicted: the correspond-
ing ATNs are traversed for information retrieval. For the details of ATNs, please see

[8, 9, 10].
1.4 Contributions

Here we briefly state the contributions of this report. A probabilistic network-
based mechanismis proposed which incorporates the probabilistic reasoning and data
mining techniques into the multimediadatabase management system (MDBMS).The
proposed Markov model mediators (MMMs) serve as the probabilistic model for the
nodes in the probabilistic network. No existing research has used a probabilistic
network-based approach in MDBMS. Probabilistic reasoning is powerful in a complex
probabilistic network with a large number of states. Probabilistic reasoning can be
effectively applied in databases to conceptually cluster the databases into afederation
of data warehouses. We are not claiming that the clustering method is the best.
On the other hand, several empirical studies have been conducted showing that the

MMM mechanism performs better than some other chosen clustering methods under



the selected database management systems from Purdue University.

The proposed probabilistic network-based mechanismis designed in particular to
provide the following four functional capabilities of organizing, mining, managing,
and utilizing a structured information space under the designed six subsystems in

three steps to facilitate the functionality of an MDBMS.

1. Structural organization concerns how the heterogeneous databases are struc-

tured into a probabilistic network.

e attemptsto organize the media objects in a database into the local MMM

construct;
e each database is modeled by a local MMM;
e attempts to organize the local MMMs into the probabilistic network;

e the structural organization has a substantial effect on the amount of effort

involved in the identification of appropriate information for a user query.

2. Information mining concerns how some useful data patterns are extracted from

the data.

e in order to construct the local and integrated MMM, a probabilistic rea-

soning approach that draws upon data mining techniquesis employed,;

e in order to determine the topology of the probabilistic network, a gener-
alized affinity-based association mining approach that draws upon data
mining techniques is employed;

e the discovered knowledge has a substantial effect on the construction of

the probabilistic network.

3. Database management concerns how the network of databases is partitioned

into afederation of beneficia data warehouses.




e in the probabilistic network, databases with structurally quasi-equivalent
media objects are interconnected and can be clustered into a collection

called a data warehouse;

e each data warehouse is modeled by an integrated MMM;

e the network of databases, therefore, consists of a federation of data ware-
houses;

e the construction of afederation of data warehouses has a substantial effect

on reducing the cost of query processing.

4. Information utilization concerns how relevant information can be identified and

retrieved from the resource repositories with respect to a user query.

e once thefederation of data warehouses is constructed, the user can request

information by issuing a query;
e the integrated MMMs are the units for query processing;

e adynamic programming algorithm is proposed for identifying possible me-

dia objects for a query;
e each media object has an ATN associated with it;

e ATNs and the multimediainput strings model multimedia searching, mul-

timedia presentations, and multimedia browsing;

e the identification of required media objects has a substantial effect on

effective and efficient database searching.

The following subsections outline how this report approaches these issues.

1.4.1 The Probabilistic Network: Organizing

The structural organization concerns how the heterogeneous databases are struc-
tured into a probabilistic network. The network of databases is modeled as a prob-
abilistic network with affinity relations of the databases embedded in the proposed

MMM mechanism. The MMM construct is a mathematically sound framework to



model the database access patterns as a sequence of observation vectors derived from
the queriesissued to the databases. A core set of database constructs that character-
ize the databases and a set of queries with the probabilistic descriptions of database
access patterns are the required prior information. Since the MMMs possess the
stochastic property of Markov models, it is used as the probabilistic model embed-
ded in a probabilistic network to manage and utilize the information for a network
of databases. An MMM consists of a number of states (media objects) connected
by transitions and serves as the probabilistic model for each node (database) in the
probabilistic network. Moreover, data mining and probabilistic reasoning techniques

are incorporated in the construction of the probabilistic network.

As shown in Figure 1.3, there are four local MMMs in correspondence to the four
multimedia resource databases - one audio, one image, and two text databases in
Figure 1.2. Each database has its own defining properties represented by a set of
media objects, and each media object has a set of attributes/features. Each database
is modeled by alocal MMM construct where its media objects are organized into the
states of the local MMM. A set of historical data regarding the access frequencies
and patterns for the queries is used to furthermore organize the local MMMs into a
probabilistic network. The structural organization of the probabilistic network has a

substantial effect toward conducting the two proposed stochastic processes.
1.4.2 Probabilistic Reasoning and Data Mining: Mining

Information mining concerns how some useful data patterns are extracted from
the data. Two data mining approaches are proposed to discover the data patterns
from the prior information. First, the probability distributions of the MMMs (local
or integrated) are mined through a proposed probabilistic reasoning approach. The
probabilistic reasoning process starts with the probabilistic descriptions of the queries
and the semantic structures of the databases. Then the probability distributions for
local and integrated MMMs are formulated [37].

Second, a generalized affinity-based association mining algorithm is developed to

discover the set of gquasi-equivalent media objects for the network of databases. An
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Fig. 1.3. The constructed local MMMs for the four databases in Figure 1.2. Each
database is modeled by alocal MMM construct and the set of its media objects is
organized into the states of the local MMM.

empirical study of the real databases at Purdue University is conducted to illustrate
how the generalized affinity-based association mining algorithm discovers the set o
quasi-equivalent media objects. Experimental results show that the proposed algo-

rithm discovers the knowledge accurately.

In addition, a stochastic process based on the discovered knowledge, i.e., the
probability distributions and the set of quasi-equivalent media objects, is proposed
to construct the probabilistic network for the network of databases [39]. Hence, the
discovered knowledge has a substantial effect on the construction of the probabilistic

network since it is part of the inputs for the probabilistic network subsystem.

1.4.3 Data Warehousing: Managing

Database management concerns how the network of databases is partitioned into
afederation of beneficial data warehouses. The topology and the branch probabilities
of the probabilistic network are used to construct the federation of data warehouses
for the network of databases. Two databases are interconnected in the probabilistic
network only if they have quasi-equivalent media objects. Therefore, two databases

can be clustered into the same data warehouse only if they are interconnected in the



probabilistic network. A database clustering strategy based on the topology and the
stationary probabilities which are transformed from the branch probabilities of the
probabilistic network is proposed. The constructed federation of the data warehouses
has a substantial effect on reducing the cost of query processing since the databases
in a data warehouse usually belong to a certain application domain and are required
consecutively on some query access path. Therefore, the cost of query processing is

expected to be reduced.

In addition, an integrated MMM is constructed for each data warehouse and the
integrated MMMsare the basic unitsfor information retrieval and database searching.
For those users who wish to access only parts of the databases, they can incrementally
and dynamically accesstheinformation they want without being overwhelmed with all
of the unstructured information. In other words, the set d data warehouses provides
aflexible means of sharing information. Furthermore, since the integrated MMMs are
the units for information retrieval and database searching which are conducted by a
proposed stochastic process, the probability distributions for the integrated MMMs
need to be constructed.

1.4.4 Querying and Information Retrieval: Utilizing

Information utilization concerns how relevant information can be identified and
retrieved from the resource repositories with respect to a user query. Once the fed-
eration of data warehouses is constructed and the probability distributions of the
integrated MMMs are obtained, user queries can be issued on the integrated MMMs.
An integrated NIMM is the basic unit for querying and information, retrieval. How-
ever, in some cases, a query may need to access one or more integrated MMMs to
get the required information. If a particular integrated MMM cannot find al the
information for a query, then another integrated MMM s used.

For each user query, a lattice (or trellis) is generated by a proposed stochastic
process. This stochastic process includesa proposed dynamic prograrnming algorithm
which computes the edge weights and the cumul ative edge weightsfor theedgeson the
lattice. A list of possible paths will beidentified and ranked based on the edge weights
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and the cumulative edge weights [38, 39]. The dynamic programming algorithm can
effectively and efficiently identify the required media objects with respect to a given
query. The identification of the required media objects has a substantial effect on
information retrieval and database searching since the prediction of a subset of media
objectsfor a query minimizestheeffort for searching over the whole information space
of the databases.

Moreover, since each media object has an associated ATN with it, not only the
text information but also the images, video, etc. can be managed and retrieved. A
subnetwork is constructed for each image, video frame, or text. Once thelimited sub-
set of mediaobjects isidentified, database searching becomes handy. Simply traverse
the ATNs of those media objects to find the requested information for the query.
If a media object contains images, video frames, or texts, then its subnetworks are
traversed. The input for an ATN or a subnetwork is a multimedia input string, and
each user query is also translated into a multimediainput string. Thus, multimedia
database searching becomes the problem of substring matching between the multime-
diainput string of the query and the multimedia input strings for the ATNs and/or
their subnetworks. Furthermore, multimedia relationships such as the temporal and
spatial relationships are supported in ATNs. Functions such as multimedia presenta-

tions, multimedia searching, and multimedia browsing are also supported [8, 9, 10].

1.5 Organization of the Report

Therest of thisreport isorganized asfollows. Chapter 2 illustrates the knowledge
discovery subsystem by developing the generalized affinity-based association mining
process to discover the set of quasi-equivalent media objects. Chapter 3 shows how
the data mining and probabilistic reasoning are used to construct the probabilistic
network for the probabilistic network subsystem. A federation of data warehouses
is constructed via a proposed stochastic database clustering strategy for the data
warehouse subsystem is presented in Chapter 4. In Chapter 5, the query processing
subsystem and the information retrieval subsystemare discussed. Finally, conclusions

are in Chapter 6.
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2. KNOWLEDGE DISCOVERY IN DATABASES

2.1 Introduction

In thelast decade, the exponential growth of computer networksand data-collection
technology, such as bar-code scanners in business domains and sensors in scientific
and industrial domains, has generated an incredibly large offering of products and ser-
vicesfor the users of computer networks. In business, data captures information such
as sales opportunities and quality/cost control to improve corporate profitability. In
science, data represents study observations and phenomena. In manufacturing, data
helps to identify performance and optimization opportunities and to improve trou-
bleshooting processes. With the explosive growth in the amount arid complexity of
data, advanced data storage technology and database management systems have in-
creased our capabilities to collect and storedata o all kinds. For instance, enterprises
increasingly store the huge amounts of data in data warehouses for decision-support
purposes. The growth o data warehousing in organizations has led to the need for
data mining: clean and well-documented databases. However, our ability to interpret
and analyze the data is still limited, creating an urgent need to accelerate discovery
o information in databases. This need has been recognized by researchers in different
areas such as database management systems [11, 14], data warehousing [18, 30], ma-
chinelearning and artificial intelligence [19, 36], statistics [13], and data visualization
[21, 41].

Data in row format has little direct benefit. What is o value is the knowledge
that can be inferred from the data and put to use. In other words, its true value
depends on the ability to extract useful information for decision support or on the
exploration and understanding of the data in the databases. Traditional data analysis

methods often depend on humans to deal with the data directly. However, as the



volume of data increases, it is not realistic to expect human experts to analyze all
the data since manual data analysis simply cannot scale to handle it. In addition,
knowledge acquisition from experts may be biased and need to be validated with
broader tests. Discovering knowledgefrom data, or data mining, can help to overcome
thelimitations. In [16], the authors define knowledge discovery in database (KDD) to
be the non-trivial process of identifying valid, novel, potentially useful, and ultimately
understandable patternsin data and data mining to be the application of algorithms
for extracting patterns from data. In other words, data mining is a component in
the KDD process concerned with the means by which patterns are extracted and
enumerated from the data. However, in most of the existing articles and documents,
KDD and data mining carry a similar meaning. Therefore, we uset KDD and data
mining interchangeably in this report.

Data mining is a process to extract nontrivial, implicit, previously unknown and
potentially userful information from data in databases. One of the primary goals of
data mining is to find human interpretable patterns (clusters, rules, trees, time series
patterns) describing the datain a database. The discovered patterns can be valuable
information for decision making and be used to form a classificatiori model, identify
trends and associations, refine an existing model, or provide summary knowledge o a
database. By knowledge discovery in databases, interesting knowledge, regularities,
or high-level information can be extracted from the relevant sets of datain databases
and beinvestigated from different angles, and large databases thereby serveas rich and
reliable sources for knowledge generation and verification. However; nothing is more
likely to undermine the performance and efficiency of a business than inappropriate,
misunderstood, or ignored summarized information obtained from the data. The
reason is that the potential business contribution of corporate activities depends on

the quality of decisions and in turn on the quality of the data used to make them.

2.2 Discovery of Association Rules

Association rule mining has attracted strong attention and proven to be a highly

successful technique for extracting useful information from very large databases.



2.2.1 Association Rules

[1] defines an association rule to be an expression X — Y, where X and Y
are sets of itemsand X N'Y = (. The rule implies that the transactions of the
database which contain X tend to contain Y. Association rules are a simple and
natural class of database regularities. Intuitively, associated items appear together
frequently. Discovering associations in a database will uncover the affinities among
the collection of data in the database. These affinities between data, are represented
by association rules.

There are three measures of the association - support, confidence and interest.
The support factor indicates the relative occurrence of both X and Y within the
overall data set of transactions and is defined as the ratio of the number o tuples
satisfying both X and Y over the total number of tuples. The confidence factor is
the probability of Y given X and is defined as the ratio of the number of tuples
satisfying both X and Y over the number of tuples satisfying X. In other words,
the support factor indicates the frequencies of the occurring patternsin the rule and
the confidence factor denotes the strength of implication of the rule [7]. Since not
al the discovered association rules which pass the minimum support and minimum
confidence factors are interesting enough to present, sometimes an interest factor is
defined to indicate the usefulness of the rules. The interest factor is a measure of
human interest in the rule. For example, a high interest means that if a transaction

contains X, then it is much more likely to have Y than the other items.

Let N to be the total number of tuples and | A | to be the number of tuples

containing all itemsin the set A. Define

support(X) = P(X)= | ])\i | (2.1)
support(X — Y) = P(XnNY)= % (2.2)

_ P(XnY) |XuY|
confidence(X — Y) = PX) X (2.3)
interest(X — Y) = M (2.4)

P(X)P(Y)
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The problem is to find all the association rules satisfying user-specified minimum
support and minimum confidence constraints that hold in a given database. Rules
with high support and confidence factors represent a higher degree of relevance than

rules with low support and confidence factors.

2.2.2 Affinity-Based Association Rules

One df the most important problems in data mining is the discovery of association
rulesfor large databases. We use the relative affinity values to measure how frequently
two media objects have been accessed together in a set of queries [37]. Here, the set
of queriesis considered as the set of transactions since, similar to the case that each
transaction may contain one or moreitems, each issued query may request information
from one or more media objects from the databases. However, the current definition
of support tells only the number of transactions containing an itemset but not the
number of items. Anitem may be purchased in multiplesin a transaction such that it
should be considered more frequently than the support measure indicates. Similarly,
each query could have a distinct frequency, i.e., a query may be activated several
times. For example, though the number of outcomes that two media objects are
accessed by the same queries is small, if the total access frequency of those queries
accessing both of them is high, then the relative affinity between these two media
objects is considered to be high. Therefore, the actual access frequency of a query
per time period should be taken into account when the relative affinity between two
media objects is calculated, and the calculations of support, confidence, and interest
for association rules are based on therelativeaffinity values. Using therelativeaffinity
measures allows more informative feedback because it tells the number of accesses of
the queries but not the number of queries.

Assume a set of historical data with eight queries is used to generate the training
traces that are the prior information required for the proposed mechanism. The
set of historical data contains information such as the usage patterns and the access
frequencies of the sample queries. Table 2.1 shows the usage patterns of mediaobjects

versus the sample queries. If a mediaobject was accessed by a certain query, then the
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Table 2.1
The usage patterns — the entity with value 1 indicates the query accessed the
corresponding media object. For example, the mediaobject C, ; (state2in d;) has
been accessed by queries g1, ¢z, g5, and gz.

uses m states (media objects)
1 2 1 2 3 1 2 3 4 1 2 3 4
Cip | Cr2 || C2n | Co2 | Cos || C31 | Ca2 | Cas | Caa || Can | Caa | Cag | Can

a0 1 1 1 1 0 0 0 0 0 0 ) 0 .
92 1 1 0 0 0 1 1 1 1 0 0 1 )
93 0 0 1 1 1 1 1 1 0 0 ; 5
q4 1 0 0 1 1 1 1 0 0 1 1 0 0
qgs 1 1 1 1 0 1 0 1 0 ) 0 ) .
g6 | 1| oo oot oo |t o] 1]o0]1
q7 0 1 0 1 1 0 1 1 0 0 0 1 ]
qs 0 0 1 1 1 0 1 1 1 0 0 ) .

corresponding entity has a value 1. The access frequencies of the sample queries are
shown in Table 2.2. For example, the accessfrequency of query ¢, is100. Thetraining
traces generated by the set of historical data together with the resource databases
play as a priori for the proposed mechanism.

Let Q = (4, 2, ..., q} be the set of sample queries that run on the multimedia
databases d,ds, ..., d, with mediaobject set OC = (1, 2, ..., g) in the multimedia
database system. Define the variables:

e n; = number of mediaobjects in database d;

e usep,, = usage pattern of media object m with respect to query k per time

period (available from the historical data)

1 if mediaobject m is accessed by query k
USEC m =
0 otherwise

‘7



Table 2.2
The access frequencies of the queries. For example, the access frequency of query g,

is 100.

accessy q1 q2 93 | 94 | 95 | gs | G7 | Q8

access frequency | 25100 | 30 | 70 | 45| 35| 40 | 60

e accessp = access frequency of query & per time period (available from the his-

torical data)

e affnn = relative affinity measure of media objects mand n
= ) j_ USEkm X USEL, X ACCESSE

1 USEE n XaCCESS

o support(m) = Z Zk—-l accessg
affm,n,

accessg

o support(m — n) =

k=1

e confidence(m — n) = Luppori(m=n)

support(m)

support(m—n)
support(m)support(n)

o interest(m — n) =

Here, support(m) indicates the fraction of the number of accesses of the media
object mwith respect to the total number of accesses for all the queries. The support
value of the rule (m— n) shows the probability of accessing both media objects m
and n with respect to all the accesses of the queries. The confidence value of therule
(m— n) denotes the probability of accessing mediaobject n given that media object
m has been accessed for the queries. Theinterest value of the rule (m — n) givesthe
measurement that if media object m is accessed by a query, then media object n is
much more (or much less) likely to be accesses by the samequery. For example, a high
interest value of the rule (m— n) implies that media object n is much more likely to
have a high affinity relationship with m than other media objects. Then, these values

are used in the proposed generalized affinity-based association mining algorithm to
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find the set of quasi-equivalent media objects. The quasi-equivalent relationship is
used to approximate the structurally equivalent relationship. Moreover, since we
try to discover the quasi-equivalence relationship of two media objects, only the 2-
itemsets are considered, hence reducing the overheads such as database scans and

large itemset generations.

2.3 Generalized Affinity-Based Association Mining

In this section, we explore a new data mining capability that involves mining
guasi-equivalent media objects in a network of databases where queries tend to ac-
cess information from related or structurally equivalent mediaobjects residing across
multiple databases. For example, a given database might contain a media object
EMPLOYEE, given attributes name, id, address, department, and salary. Another
database has a media object EM P file, representing the enrollment of employeesin
training courses and containing attributes name and courses. Here, the mediaobjects
EMPLOYEE and EMP in the two databases should represent the same RWS’s for
theorganization, i.e., they are structurally equivalent. Suppose that, in order to carry
out the process of training course administration, it is necessary to know the depart-
ment for each enrolled employee. To answer this type of query, it is required to access
information from both mediaobjects. For this purpose, a generalized affinity-based
association mining approach is proposed.

2.3.1 Architecture

Figure 2.1 shows the architecturefor the knowledge discovery subsystem. The mul-
timedia resource subsystem provides the required information such as the multimedia
resource databases and the set of historical data, and the generalized affinity-based
association mining is the main process of the knowledge discovery subsystem. The
main task of this subsystem is to discover the set of quasi-equivalent media objects
which can be used to assist in the construction of the probabilistic network. There
are two major phases for the generalized affinity-based association mining process —
Phase | and Phase I1. Phase | is executed iteratively based on the refinement of the

minimum interest threshold to generate the candidate set of quasi-equivalent media
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Fig. 2.1. Architecture for the knowledge discovery subsystem. The multimedia
resource subsystem provides information such as the multimedia resource databases
and the set of historical data (query usage patterns and access frequencies), and the

generalized afinity-based association mining is the main process of the subsystem.
The generalized afinity-based association mining process consists of two phases.
Thefirst phase is executed iteratively based on the refinement of the minimum
interest threshold to generate the candidate set of quasi-equivalent media objects
until a predefined refinement constraint is met. Then, the second phase checks the
minimum confidence threshold and further conditions (if any) on the candidate set
to get the final set of quasi-equivalent media objects.
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objects until a predefined refinement constraint is met. Then. based on the candidate
set generated from Phase |, Phase II checks the minimum confidence threshold and
further conditions (if any) to get the final set of quasi-equivalent media objects.

We now roughly discuss the steps for the two phases. The detailed algorithm will
be introduced in the next subsection. Phase | starts with a set of constraints: (1)
minimum interest threshold, (2) interest constraint, and (3) refinement constraint.
Any pair whose association rule has an interest value exceeding the interest threshold
isfirst selected into the candidate pool. Next, the interest constraint is imposed to
shrink the size of the candidate pool: the pair (m,n) remains in the candidate pool
only if both (m,n) and (n,m) arein the candidate pool. That is, both interest(m —
n) and interest(n — m) must satisfy the interest threshold criterion to make sure
they are interesting enough in both directions. Then, the output of Phase | consists
of alist of pairs of candidates. On seeing the candidates, the refinement constraint is
checked to see whether further interest threshold refinement is necessary or not. In
this manner, Phase | is iterative.

Once satisfied with the current candidate list, the process proceeds to Phase II,
wherein two constraints are set: (1) minimum confidence threshold, and (2) whatever
further conditions to be imposed. The minimum confidence threshold is used again
to cut down the candidate pool size. The pair (m,n) stays in the candidate pool if
either conf idence(m — n) or confidence(n — m) reaches the minimum confidence
threshold. Upon examining the output, further conditions can be imposed to get rid

of unreasonable pairs in the candidate pool.

2.3.2 Algorithm

In this subsection, we describe the algorithm of the proposed generalized affinity-
based association mining process to discover the set of quasi-equivalent media object
pairs. This mining process is very useful to explore some semantic relationships from
the complicated data structures of the databases automatically, and requires param-
eters such as the minimum interest threshold, refinement constraint, and minimum

confidence threshold to be determined by the users subjectively according to different
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requirements for different applications. For example, we set the minimum confidence
threshold to 99% in this study since we try to approximate the structural equivalence
relationship which requires a high confidence factor. This flexibility allows users to
set the criteriasuitablefor different applications. Though the mining process is used
to find the set of quasi-equivalent media objectsin this study, it can also be used in
other applications. For example, in manufacturing, there exist hundreds of assembly-
subassembly part relationships [34]. These relationships correspond to the concept
of "composition" defined in the OSAM data model in [44] or the aggregation re-
lationships. An aggregation hierarchy expresses part-of relationships between two
media objects with 1:M cardinality by definition. Media objects are organized into
an aggregation structural hierarchy if one media object is composed by other media
objects in a nested or hierarchical fashion. This mining process can be applied to
exploit some of the semantic relationships such as the assembly-subassembly part se-
mantic relationships for the applications in the manufacture domain. Of course, the
definitions of the affinity, support, confidence, and interest, and the selections o the

parameters need to be adjusted accordingly.

Here, the details of the algorithm for the generalized affinity-based association
mining process for this study are introduced. Starts with all the mediaobjectsin the
databases. Let L, and L, represent the sets of 1-itemsets and 2-itemsets, where each
1-itemset has one mediaobject and each 2-itemset has two media objects. Generate
L, by Ly * L, where x is an operation for concatenation. The algorithm needs to make
only one pass over the database. While the only pass is made, one record at a timeis
read and support(m), af f, ., and the summary of access; are computed. After that,
support(m — n) and interest(m — 72 can be obtained. Thereis no need to do mul-
tiple database scans?thus reducing the processing overheads. We now discuss how to
generate the candidate pool and how to determine the set of quasi-equivalent media
objects. Assume the number of media objects in the databases is Vmo. The values
for crial, cria2, and Conf need to be decided by the users before the algorithm is

run. The variable crial sets the minimum interest threshold for each iteration. Let
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the maximal interest value for the mediaobject m to be I, and the resulting set to be
candidate-pool. The minimum interest threshold is defined to be "iteration number
xcrial x I,". In this case, the minimum interest threshold increases as the number
of iterations increases. The variable cria2 sets the refinement constraint for Phase
I. The refinement constraint threshold is defined to be “cria2x the total number of
media objects”. If the number of media objects which have zero or one pair remain-
ing in the candidate-pool is greater than or equal to the refinement constraint, then
Phase | stops and goes to Phase I1. Otherwise, go to next iteration with a new mini-
mum interest threshold for Phase |. The variable Conf sets the minimum confidence
threshold for Phase II. This value is used to remove the pairs which fail the minimum

confidence threshold checking.

* Steps for Phase I:
1. For all the I-itemsets, compute support(m).
2. For all the 2-itemsets,

e Compute af fi, ».
e Compute support(m — n).
e Compute conf idence(m — n).

o Compute interest(m — n).
3. Initialize candidate-pool = § and iter = 1; set the values for crial and cria2.
4. For m = 1 to Nmo,

(a) If iter = 1, then find the maximal interest value I, from interest(m — n)
where a media object n is in a different database since the equivalence
relationship can occur only when two media objects are from different

databases.

(b) Set the minimum interest threshold IntT'd = crial x iter x I,
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(c) For those media objects n’s,
if iter = 1 and interest(m — n) > IntTd,
then candidate-pool = candidate-pool | {(m, n)).
else if interest(m — n) < IntTd,

then (m,n) is removed from candidate-pool.

5. Check theinterest constraint:
if (m,n) € candidate-pool and (n,m) ¢ candidate-pool,

then (m,n) is removed from candidate-pool.

6. Check the refinement constraint:
if the number of media objects which have zero or one pair remaining in the
candidate-pool > cria2 X Nmo,
then goto Phase II.
else set iter = iter T 1 and goto step 4.

The first step is to compute the support(m) for every 1-itemset. Since each query
may be activated multiple times, the actual access frequency o each query is taken
into account in calculating support(m) and support(m — n) values. That is why
this mining process is affinity-based. The advantage of using the relative affinity mea-
sures is to allow more informative feedback because it tells the number of accesses
d the queries but not the number of queries. The second step is to compute the
af fmm, support(m — n), confidence(m — n), and interest(m — n) for al the
media object pairs. Only the interest(m — n) and con fidence(m — n) values are
needed in determining the set of quasi-equivalent media objects. Initialization o the
variables is performed in the third step. The candidate-pool is initially set to be
an empty set. Also, the values for the minimum interest threshold (crial) and the
refinement constraint (cria2) need to be defined. Again, these criteria can be ad-
justed for different applications. Set the number of iteration (iter) to be 1 and go to
step 4. Step 4 executes a for-loop for all the media objects. First, find the maximal

interest values for all the media objects on the first iteration. Once the maximal



interest value /,, for media object m is obtained, the minimum interest threshold can
be calculated according to the predefined formula. Similarly, the formulato calculate
the minimum interest threshold can be varied for different applications. Then, the
corresponding media object pair is put into the candidate-pool or removed from the
candidate-pool by comparing itsinterest value with the minimum interest threshold.
The candidate-pool constructed from step 4 goes to step 5 for the interest constraint
checking. Sinceonly those mediaobject pairs whose interest values are above the min-
imum interest threshold on both directions are interesting enough to be considered
as quasi-equivalent, the interest constraint is used to cross out the unsatisfied pairs
from the candidate-pool in step 5. In step 6, the refinement constraint is checked to
see whether another iteration is required. If the number of the media objects which
have zero or one pair remaining in the candidate-pool is equal to or greater than
cria2 o the total number of media objects, then Phase | stops and goes to Phase II.

Otherwise, go to step 4 for another iteration.

* Steps for Phase II:
1. Set the minimum confidence threshold Conf

2. For each pair (m,n)in candidate-pool,
if confedence(m — n)< Conf and confidence(n — m) < Conf,

then (mpn)is removed from candidate-pool.

3. Check if further conditions need to be imposed to remove some unreasonable

situations.

The steps for Phase 11 are used to eliminate those media object pairs which are po-
tentially nonequivalent. First, the minimum confidence threshold needs to be defined.
Again, this threshold can be adjusted accordingly for different applications. The sec-
ond step is to remove those media object pairs whose confidence values are smaller

than the minimum confidence threshold on both directions. However, since some



Table 2.3
The maximal interest measure |, for each media object m.

m 1 2 3 4 5 6 7 8 9 10 11

I, | 1.387 | 5.863 | 468.603 | 2.198 | 2.479 | 4.409 4.409 | 8.835 | 468.603 | 23.238 | 27.879

m 12 13 14 15 16 17 18 19 20 21 22

Im | 3.805 | 8.835 27.879 | 8.835 | 8.026 | 1.837 | 23.238 | 2.861 3.805 4.409 2.479

situations cannot be reflected directly by the numbers of accesses from the histori-
cal data, human reasoning is required. The last step of Phase Il is to check whether
there exist some unreasonabl e situations in the candidate-pool. For example, a media
object cannot have equivalent relationships with two or more media objects in the
same database at the same time since equivalence can only occur for mediaobjectsin
different databases. These unreasonable situations need to be examined by humans

to get thefinal set of quasi-equivalent media object pairs.

2.4 Empirical Study

To empirically test the proposed generalized affinity-based association mining ap-
proach, we ran the algorithm on the financial database management systems at Pur-
due University in July, August, and September for the year 1997. We implemented
the algorithm with the affinity-based support, confidence, and interest measures re-
flecting the number of accesses for each media object. The databases represent 22
media objects accessed by 17,222queries. Let the mediaobjects be numbered from 1
to 22and the mediaobjectsin the same database have consecutive numbers. Set crial
= 0.2, crza2 = 0.5, and Conf = 99%. Table 2.3 lists the maximal interest values for
the 22 mediaobjects and Figure 2.2 shows the candidate pairs in the candidate-pool
for each iteration and each phase.

Two iterations were executed in Phase |. At thefirst iteration, the |, measuresfor
all mediaobjects m’s werefirst found (asshown in Table 2.3). Notethat the maximal
interest value for a media object may occur on multiple places. This situation occurs

when support(m — n) is equal to support(n). That is, those queries which access



media object n also access media object m. For example, the pairs (1,9) and (1,20)
both have interest value 1.387 which indicates that those queries which access media
object 9 also access media object 1. Similarly, those queries which access media
object 20 also access media object 7. However, the maximal interest for 9 occurs at
the pair (9,3) and the maximal interest for 20 occurs at the pair (20,12). From the
observations, if the I,, measure occurs at interest(m — n), the I, measure occurs at
interest(n — m), and the [, and I, are equal, then m and n are potentially to be
quasi-equivalent. Since those queries which access m also access n and those queries
which access n aso access m, this indicates that m and n are accessed by the same
set of queries and thus they are very likely to have the quasi-equivalence relationship.
In addition, we observe that when the I,, measure is very large, it convergesto one
quasi-equivalence pair for the corresponding media object m faster than other media
objects since a certain percentage (0.2, 0.4, etc.) o the I, value is used as the
criterion to maintain the candidate-pool. When the [, value is much larger than
other interest values, it is possible that other media objects will be crossed out of the
candidate-pool in one or two iterations. As can be seen from Table 3.3, the maximal
interest value for mediaobject 3 is 468.603 which occurs at the pair (3,9) and at the
same time the maximal interest value for media object 9is 468.603 which occurs at
the pair (9,3). Since the value /68.603 is extremely larger than other interest values
for mediaobjects 3and 9, only the pairs (3,9) and (9,3) remain in the candidate-pool

for media objects 3and 9in the first iteration (as shown in Figure 2.2(a)).

When the I,, measures are determined, the Int1T'd for the first iteration is set
to be 0.2 X I, and 97 pairs are generated in the candidate-pool. After the interest
constraint, 30 pairs are removed and the refinement constraint checking indicates that
there is a need to go to the second iteration. The refinement constraint is to check
whether the number of the media objects which have zero or one pair remaining in the
candidate-pool isequal to or greater than 11 (i.e., 0.5X 22). Thefirst columnin Figure
2.2(a) isan individual media object and the second column lists the candidate media

objects corresponding to that individual media object. Those media objects which



PHASE |

(a) candidate—pool: (iteration 1) (b) candidate-pool: (iteration2)
media media object list media media object list
object object

1 7,4/, 10, Y, 12, 14, 14, 14, 16,17, 18, 19, 20, 21 1 7,14,17,19, 20, 1
2 A5 10 2 30
3 9 3 9
4 £.36.11, ¥4, 15.16,17, 18, 22 4 U, 15, 36, 22
5 7.4, Y0, 1,12, 14,17, 18, 22 5 717,22
6 7,17 6 7,17
7 1,4,5,6,10,17, }§, 21 7 6,21
8 13,15, 16,17 8 13,15, 16
9 3 9 3
10 2,% 18 10 18
11 14 11 14
12 1,5,17,19,20 12 17, 19,20
13 8,18 13 8, )g
14 1 14 1
15 4,8 15 8
16 , 4,8 16 8
17 ’{ 4,5,6,7,8, 0,11, 12, 13, 19, 20, 21 17 1,5, 6,7.8, 12, 19, 20, 21
18 A.10,13 18 10
19 1,6,12,17 19 1,12, 17
20 1,12,17 20 12,17
21 1,7, 17 21 7,17
22 A.4,5 22 4,5

PHASE II

(c) candidate-pool: (confidence checking) (d) candidate-pool: (further checking)
Siedia mediaobject lis e mediaobject list

1 ¥/, 19 1 19
2 3 9
3 9 6 72
4 2é 7 6,21
5 Y7, 2t 8 13,15
6 7,17 9 3
7 6,21 11 14
8 13,15, 16 12 20
9 3 13 8
10 ¥ 14 11
11 14 15 8
12 V1,18, 20 17 £.18,20, A
13 8 19 1
14 11 20 12%9
15 8 21 7,
16 Py
17 1,5, 6, ¥2,19,20,21
18 16
19 1,12,17
20 12,17
21 7,17
2 Af

Fig. 2.2. The candidate pairs in the candidate-pool.



do not meet the interest constraint in the candidate media object list are crossed out
from the candidate media object list. The resulting media object list is then input
to the second iteration. At the second iteration, the minimum interest threshold
IntT'disincremented to 0.4 x I, which makesthe pool shrink to 52 pairs. Next, the
interest constraint is checked and 12 pairs are removed. (as shown in Figure 2.2(b)).
Then, the refinement constraint is satisfied so that Phase | stops and the size of the
pool goes from 97 pairs down to 40 pairs. That is, more than half of the pairs have
been removed after Phase | is executed. Since the interest measures are based on
the affinity relationships of the media objects, saying that the association (m — n)
has high interest means that if the media object m is accessed by a query, then the
media object n is much more likely to be accessed by the same query than other
media objects. That is, media object n is much more likely to have a high affinity
relationship with m than other mediaobjects. Similarly, if both associations (m — n)
and (n — m) satisfy the minimum interest threshold and interest constraint, then

the pairs (m,n) and (n,m) are most likely to be quasi-equivalent.

In Phase II, the minimum confidence threshold Conf isset to be 99%. The reason
for such a high confidencethreshold is that ruleswith high confidencefactors represent
a higher degree of relevance than rules with low confidence factors. Since we try to
approximate the structural equivalencerelationship, which requires a high confidence
factor, the confidence threshold is set high for this purpose. There are 24 pairs left
in the candidate-pool after the confidence constraint checking (as shown in Figure
2.2(c)). Finally, it is checked whether some unreasonable situations exist and need
to be avoided. In the current candidate-pool, media object numbered 17 appears to
have quasi-equivalence relationships with media objects numbered 6, 19, 20, and 21.
This is unreasonable because of the following two observations. First, media objects
numbered 19, 20, and 21 belong to the same database. As mentioned previously,
equivalence relationships exist only in mediaobjectsin different databases. Hence, it
isimpossiblefor mediaobject numbered /7 to be quasi-equivalent to all three of them.

Second, media object numbered 6 is quasi-equivalent to media object numbered 21




and at the same timeis in the same database as media object numbered 1 which is
guasi-equivalent to media object numbered 19. Hence, media object numbered 17
cannot have quasi-equivalence relationships to media objects numbered 6, 19, and
21. From the above two observations, eight more pairs are removed and the final
number of pairs in the candidate-pool is 16 (as shown in Figure 2.2(d)). Since the
quasi-equivalencerelationship (m, n) is the same as the quasi-equivalence relationship

(n,m), there are eight quasi-equivalent pairs when the order is not considered.



3. THE PROBABILISTIC NETWORK

3.1 Data Mining and Probabilistic Reasoning
3.1.1 Architecture

Figure 3.1 shows the architecture for the probabilistic network subsystem. The
multimediaresource databases and the set of historical data are provided by the mul-
timedia resource subsystem. Another input is the set of quasi-equivalent media ob-
jects which is obtained from the knowledge discovery subsystem. The set of discovered
quasi-equivalent mediaobjectsis used to determine the topology of the probabilistic
network. Two databases are linked in the probabilistic network only if they have
quasi-equivalent mediaobjects. Once the required information is available, the three
probabilistic distributions for each MMM can be constructed. After that, the first
stochastic process formulates a similarity measure method. The similarity values are
then transformed into the branch probabilities for the probabilistic network and the
branch probabilities are used in partitioning the databases. Database clustering will
be discussed in the next chapter.

3.1.2 Formulation of the Probability Distributions

State Transition Probability Distribution A

The relative affinity measurements are calculated to indicate how frequently two
media objects are accessed together. When two multimedia databases whose media
objects are accessed together more frequently, they are said to have a higher relative
affinity relationship. Accordingly, in terms of the state transition probability in a
Markov model, if two media objects have a higher relative affinity relationship, the
probability that a traversal choice to state (mediaobject) n given the current state

(mediaobject) isin m (or vice versa) should be higher. Realistically, the applications



the multimedia resour ce subsystem

(1) resour ce databases
(2) query usage patternsand
access frequencies

the knowledge discovery subsystem

quasi-equivalent

media object pairs

the probabilisticnetwor k subsystem

¥

st(t)-iclif;sﬁc probabilistic
B network
process | (prowsing graph)

the data warehouse subsystem

Fig. 3.1. Architecture for the probabilistic network subsystem. The multimedia
resource subsystem and the knowledge discovery subsystem provide the information
such as the multimedia resource databases, the set of historical data (query usage
patterns and access frequencies), and the set of quasi-equivalent media objects to

the probabilistic network subsystem.



cannot be expected to specify these affinity values. Therefore, formulas to calculate

these relative affinity values need to be defined. Define the variables:

e f.. =thejoint probability which refers to the fraction of the relative affinity of
media objects m and n in a database (or a warehouse) with respect to the total

relative affinity for for all the media objects in a database (or a warehouse)
e f, = the margina probability

e a,,, =theconditional probability which refersto thestate transition probability

for an MMM

We denote A the state transition probability distribution whose elements are G-

e For aloca MMM A:

The state transition probabilities for a local MMM is defined as follows. For

any m,n € d,,
q
af fron = Z USEkm X US€n X ACCESS (3.1)
k=1
af frnn
fn = : 3.2
S T ] form (32)
Jm = me,n (33)
fmmn
Ammn = : 3.4
7 (3.4)

e For an integrated MMM Acc:

On theother hand, thestate transition probability distributionfor an integrated
MMM can be defined in the following manner. If a data warehouse CC contains
only one database, then no actions need to be taken to re-calculate the state
transition probability distribution A for theintegrated MMM. However, in most
cases, a warehouse contains two or more databases so that the integrated MMM

should merge those local MMMsin CC. Therefore, A needs to be re-calcul ated.

Merge of two or more local MMMs:



For any media objects s and ¢ in CC if there exists a link from s and ¢, the
relative affinity measure between s and t is computed. Let A; and A; denote
two local MMMsfor d; and d;, where j # i and );, A; € CC. Define the variables:

affs: = affinity measure of s and t if there is a link between s and t in an

integrated MMM

as; = the state transition probability of alocal MMM

a,, = the state transition probability of an integrated MMM
ps: = the probability that A; goes to A; with respect to s and t

p, = the probability that A; stays with respect to s

Si_  users X usex, X accessy, if alink between s and t exists
af fse = (3.5

otherwise
affs t
for = : 3.6
T Tece Tecc af for (3.6)
fst
Psg = 3.7
t ZnECC fs,n ( )
Ds — I - Z Ds,t (38)
tEA;

The steps for determining a, , where s,¢ € CC are:

1. For each local MMM ); wherei € CC,

Compute therelative affinity af f;, by using Equation 3.5.

Compute the joint probability f;. by using Equation 3.6.

Compute the probability p,: by using Equation 3.7.

Compute the probability p, by using Equation 3.8.
2. If both s,t € A;, = a’s‘t = Pslst.
3 IfseXandt g =>a;yt = Pt

4. Repeat step 1for all local MMMs in CC.



Table 3.1
The state transition probability distribution A for d,. For example, the transition
goes from state 1 (mediaobject (') to state 2 (mediaobject ' ) is 0.3820.

state

2 0.4474 0.5526

Originally, >-;a,: = 1. Now, we need to check whether the new state transition
probability distribution satisfies the restriction, too. For any rnedia object s €
Al
Ct a;,t = Dten a;,t + Zte/\; a;,t
= Zte/\,v Pslst + Ztexi DPs,t
= Ps Zte/\i st + Zte,\,-Ps,t
=ps + ZtgA;pS,t
=1- 3 gx, Pst + 2, Psit
=1.
A constructed state transition probability distribution for d; is shown in Table 3.1.
Based on the obtained state transition probability distributions, the local MMMs for
d, to d4 in the example multimedia database system can be constructed with the

state transition probabilities attached to the arcs to indicate the probabilities that go

from one state to another state.

Observation Symbol Probability Distribution B

The observation symbol probability denotes the probability of observing an out-
put symbol (attribute/feature) from a state (media object). Since a media object
has its own set of attributes/features and an attribute (afeature) can belong to mul-

tiple media objects, the observation symbol probabilities show the probabilities an



attribute (afeature) is observed from a set of media objects.

To construct B for a multimedia database (awarehouse), a temporary matrix B B
is first formulated for each multimedia database (a warehouse). The numbers of the
media objects in a database (or a warehouse) and the total number of the distinct
attributeslfeatures in all the multimediadatabases determine the dimension of BB.
The appearance order of the distinct attributeslfeatures in BB is defined in the
following manner. For each database d; wherei=| to the total number of databases,
the distinct attributeslfeatures of the first media object of d; are put in the rows of
BB, next are the distinct attributeslfeatures of the second mediaobject of d;, and so
on until thelast mediaobject of d;. The process repeats for al the attributeslfeatures
of all the mediaobjectsin all the databases. The distinct attributelfeatureindicates

that this particular attributelfeature has not appeared in BB.

e Inaloca MMM A:

Let m;, mq, ..., m,, be the media objectsin d, and z;, 2z, ..., zx be the
attributeslfeatures in all databases, where n; is the number of media objects
in d; and tot is the number of distinct attributeslfeaturesin all databases. Put
my, Mg, ..., My, in the columns of BB and z;, 2z, ..., 2z, in the rows of BB.

Thus, BB is of sizetot by n;.

e In an integrated MMM Aqc:

Let m,, m,, ..., m; bethe mediaobjectsin awarehouse C'C and z;, z, .. ., Ztot
be the distinct attributeslfeaturesin al the databases, where k is the number
of media objectsin C'C and tot is the number of distinct attributeslfeatures in
all databases. Put mj, mg, ..., my in the columns of BB and zj, 23, ..., 21t iN

therows of BB. Thus, BB isof sizetot by k.

For each MMM (local or integrated), BB is defined as follows.

BB I 1 if attributelfeature p belongs to media object g
g =
! | 0 otherwise
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Table 3.2
B for d,.

( 1| 2 1|2 1|2
1|1/4] off11|{0|0f21]|0]0
2(1/4| of12|0]0f22]|0]0
3|1/4| o0 13|0|023[0]0
4 (1/4(1/4| 14| 0| 0| 24]0]0
5| 0|1/4||15|0]0f25]|0]0
6| 0|1/4||16 | 0|0 26|00
71 o147 |ojoj|27]|0]0
8| 0| oll18|0|0f28|0]0
9| 0| o 15(0|0f290]|0]0

10| 0| Of20{0|0f30]|0]0

Each entity of BB isassigned avalue 1 or 0 to indicate whether theattribute/feature
belongs to the corresponding mediaobject. In this example, d, has two mediaobjects
and there are thirty distinct attributes/features for d; to ds. Hence, the dimension
of BB for d; isthirty by two. Then the observation symbol probability distribution
BB can be obtained via normalizing BB per column. In other words, the sum o the
probabilities which the attributes/features are observed from a given media object
should be 1.

A constructed observation symbol probability distribution for d; is shown in Ta
ble 3.2. The rows represent al the distinct attributes/features in the multimedia
databases and the columns represent the media objects in the corresponding multi-

media database.

Initial State Probability Distribution II

Since the information from the training traces is available, the preference of the
initial states for queries can be obtained. Let m € OC and CC be a data warehouse.

Also, n; is the number of media objects in d;.



e In aloca MMM A;

For any media object m e d;, the initial state probability is defined as the
fraction of the number of occurrences of media object m with respect to the
total number of occurrences for all the member media objects in d; from the

training traces.

q
L = (i} = bt 10k (3.9)

i ZZ:I USCk,1
The =; ., valueisthe probability that a state (mediaobject) min d; can be the

initial statefor the incoming queries.
e In an integrated MMM A¢c:

For any media object m € d; and d; € CC,

q .
Ekﬁj.““j’” (3.10)
Y4 €CC 2olmy 2ok=1 USEk,

The mce.m vaue is the probability that a state (mediaobject) m in CC can be

Moo = {meem} =

theinitial state for the incoming queries.

In this example, using Equation 3.9, thefour initial state probability distributionsfor

d, to d4 can be determined.

II, = [5/9 4/91 for database d;
I, = [4/14 6/14 4/14] for database d,
IIs = [5/19 5/19 5/19 4/19] for database d;
I, = [2/15 3/15 4/15 6/15] for database d4

Once the probabilistic distributions A, B, II for our MMM mechanism are deter-
mined, the two stochastic processes can be executed for data warehouse construction

and multimedia database searching.

3.2 A Stochastic Process. Similarity Measure

A stochastic process is proposed for conceptual database clustering. Conceptual

modeling allows an abstract representation of the multimediadatabases and describes



the databases with a set of conceptual schemas at different abstract levels. The
objective of conceptual database clustering is to facilitate the understanding of the
MDBMS and the speedup of query processing. To perform conceptual database
clustering, a similarity measure is computed for each pair of databases which have
quasi-equivalent media objects. This calculated similarity value is used to measure
how well these two databases together match the observations generated by the sample
queries. The similarity measure is partially derived from the hidden Markov models
(HMMs) [31] and is formulated under the assumptions that the observation set O*
is conditionally independent given X and Y, and thesets X € d; and Y € d; are
conditionally independent given d; and d;. Let N, = K + k2. Define

SM(d;,d;) = similarity measure between databases d; and d;
OS = set of all observation sets

O* = {o01,...,0n, } isan observation set with the attributes/features belonging to

d; and d; and generated by query k
X = {x1,...,2x} is aset of mediaobjects belonging to d; in OX
Y = {y1,...,yre} is aset of mediaobjects belonging to d; in O
P(O* | X,Y ;d;,d;) = the probability of occurrence of OF given X € d; andY € d;

F(N,) = an adjusting factor used because the lengths of the observation sets are
variable

The similarity measure is defined as follows.

SM(di,d;) = ( 2. P(O* | X,Y;di,d;)P(X,Y ;d;,d;))F(Ny),where (3.11)
OrLe0S8

P(O* | X,Y:d;,d;) = P(oy,...,00 | X;di)P(0k141,---,0n, | Y;d;) (3.12)

P(X,Y;d;.d;) = P(X;d;)P(Y; d;) (3.13)

F(X,Y) = 10" (3.14)

k1
P(X;d;) = P(zy,...,251;d;) = H Pz, | zy—1) P(z1)

u=2
Ai(zulzu1)  Ti(z1)



Nk
P(Y;dj) = P(yla"'aykZ;dj) = H P(yv—kl |yv—k1—1)P(y1)
N’

v=kl+2

Aj(Yo—k1lvo—r1—1)  Ts(1)

k1
P(oy,...,05 | X;d;) = Plot,..., 00 | @1,. .., 2k1;di) = [ Plou | za)

u=1

Bi(oul|za)

Nk
P(0k1+17"'a0Nk | Y7dj) = P(Okl+la' -3 ONK | Yiy- .- aykZ;dj) - H P(Ov | yv—kl)
’U=k1+1\_v_/

Bj(ov|yv—k1)

The similarity value is computed for two databases : and j which have quasi-
equivalent mediaobjects. Thereason isthat the topology of the probabilistic network
is determined by the set of quasi-equivalent media objects input from the knowledge
discovery subsystem. Therefore, if two databases do not have quasi-equivalent media
objects between them, the similarity value between is assigned zero. That is, two
databases are connected in the probabilistic network only if their media objects have
the quasi-equivalence relationships. The similarity values are then transformed into
the branch probability P; ; for nodesi and j (asshownin Table 3.3) in the probabilistic
network. The transformation is executed by normalizing the similarity values per
row to indicate the branch probabilities from a specific node (database) to al its
accessible nodes (databases). Figure 3.2 is the probabilistic network with each node
representing a database in the example multimedia resource subsystem. Each positive

branch probability F;; is attached to the corresponding arc.

Table 3.3
The branch probabilities transformed from the similarity values. For
example, the branch probability from d; to d4 is 0.8067.

P ; d, dy d3 dy
dy - 0.1933 0 0.8067
dy | 0.4555 - 0.5445 0
ds 0 1 - 0
dy 1 0 0 -




d d

1.0
0.1933 0.4555

<Mﬂ45>@

d 2 1'0 d 3
Fig. 3.2. The probabilistic network for the example multimedia database system.
Nodes 1 to 4 represent databases d; to d4 in the example, respectively. The positive
branch probability is attached to the corresponding arc. The arcs with probabilities
0 are not shown in the figure.
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4. DATA WAREHOUSING

4.1 Introduction

Data warehousing employs database technologiesfor storing and maintaining data.
A data warehouse is a subject-oriented, integrated, time-varying, non-volatile collec-
tion of data that is used primarily in organizational decision making [18]. Since
data warehousing is targeted for decision support, the summarized and consolidated
information from data is more important than the detailed and individual records.
The summarized and consolidated information may be missing from the data in the
database, but can be obtained from the data mining techniques.

In a distributed information-providing environment, the number of databases has
increased tremendously and much d the data in each database is structural in nature.
Moreover, the workloads are query intensive with mostly complex queries that tend
to access millions of records from a set of databases in such an environment. Hence,
thereis a need to analyze and discover summarized knowledge at the database level,
i.e. database clustering. Here, two databases are said to be related in the sense that
they either are accessed together frequently or have similar records or objects. Those
member databases that are conceptually placed in the same cluster are the datain a
data warehouse. A federation of data warehouses is constructed, each with its own
decentralized administration.

This study considers conceptual database clustering rather than physical database
clustering. Conceptual modeling allows an abstract representation of the participating
databases and describes the databases with a set of conceptual schemas at different
abstract levels. On the other hand, physical database clustering aims at improving
the performance o databases by actually moving around the databases; that is not

realistic given the autonomy of the databases. The objective of conceptual database



clustering is to facilitate the understanding of the data warehouse schemas/views and
the improvement of the query processing performance. An efficient database cluster-
ing approach can enhance the performance by placing on the same data warehouse
the related set of databases. Query processing, in general, involves the closely inter-
related communication cost and processing cost. Data warehouses may contain large
volumes of data. To answer queries efficiently requires a good database clustering
strategy. The way the data warehouses are constructed is to put a set of databases
belonging to a certain application domain in the same data warehouse since similarity
measures of the databases are used for clustering. In addition, since those databases
in the same application domain are most likely required consecutively on some query
access path, the number of platter switches (communication cost) and the number
of nodes traversed (processing cost) for data retrieval with respect to queries can be
reduced. Here, when a query isissued in a database, but requires the data in another
database, a platter switch or a database switch is counted.

The integrated Markov model mediator (integrated MMM) mechanism is both
the schema and view for a data warehouse. The network of databases is clustered
into a federation of data warehouses via the proposed stochastic database clustering
strategy which uses similarity measures introduced in previous chapter. A similarity
measure is calculated only if these two databases have the structurally equivalent or
quasi-equivalent media objects. A larger similarity value between two loca MMMs
implies that they should belong to the same data warehouse. The stochastic strategy
is adopted since it provides better performance in object clustering [45]. After the
federation of data warehouses is constructed, one integrated MMM serves as the

schema and the view for one data warehouse.

4.2 Conceptual Database Clustering
4.2.1 Architecture
Figure 4.1 shows the architecture for the data warehouse subsystem. The inputs

of the subsystem are the probability distributions of the local MMMs and the proba-

bilistic network which comefrom the probabilistic network subsystem. Another input



theprobabilistic network subsystem

(1) probabilisticnetwor k
(2)local MMMs

conceptual database
clustering strategy

Fig. 4.1. Architecture for the data warehouse

thedata war ehouse subsystem

um arized

integrated
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observation st

user query

subsystem. The probabilistic network

subsystem provides information such as the similarity values and the constructed
probabilistic network to the data warehouse subsystem. An integrated MMM is the
unit for retrieving information for the user queries. An observation set is
constructed for each user query and this observation set is used for multimedia
database searching.



Table 4.1
The stationary probabilities for databases d; to ds.

dl d2 d3 d4
¢; | 0.4062 | 0.1723 | 0.0938 | 0.3277

isthe queriesissued by the users. Since an integrated MMM consists o the databases
which belong to the same application domain, it is the unit for retrieving information
for a query. An observation set is constructed for each user query and this observa-
tion set is used for multimedia database searching. The branch probabilities of the
probabilistic network are transformed into the stationary probabilities. A database
clustering strategy based on the stationary probabilities and the topology of the prob-
abilistic network is proposed in this chapter. The database clustering strategy is used
to construct a federation of beneficial data warehouses since those databases with
high affinity relationships are placed in the same data warehouse. After the data
warehouses are formed, an integrated MMM is constructed for each data warehouse
and the three probability distributions for the integrated MMM need to be cal cul ated.
Information retrieval based on the integrated MMM:s is shown in [38, 39].

4.2.2 The Database Clustering Strategy

The proposed stochastic database clustering strategy uses a similarity measure
between every pair of databases to measure how well these two databases together
match the observations generated by the sample queries. The stationary probability
@, for each node : of the probabilistic network is computed from the F; ; values from
the previous chapter. The stationary probability ¢; denotes the relativefrequency of
accessing node : (theith database) in the long run. Table 4.1 shows the stationary
probabilities for the four multimedia databases - d;, d3, d3, and d,.

Zcﬁi:l ¢j=z¢ipi,j 3=12,-- (4.1)

The conceptual database clustering strategy is traversal based and greedy. Data



warehouses are created according to the order of the stationary probabilities of the
multimedia databases. The database that has the largest stationary probability is se-
lected to start a new data warehouse. While there is room in the current warehouse,
all databases accessible in terms of the probabilistic network from the current mem-
ber databases of the warehouse are considered. The database with the next largest
stationary probability is selected and the process continues until the warehouse fills
up. At this point, the next unpartitioned database from the sorted list starts a new
data warehouse, and the whole process is repeated until no unpartitioned databases
remain. The time complexity for this database clustering strategy is O(plogp), where

p is the number of databases.

In this example, assume the size of each data warehouse is two and apply the con-
ceptual database clustering strategy. The size of the data warehouses is predefined
and is the same for all data warehouses. The size of a data warehouse means the
maximal number of member databases a data warehouse can have. Under this as-
sumption, database d, first starts a new warehouse; database d,4 joins as a member of
the warehouse since it has the next largest stationary probability and it is accessible
from database d,. Then, database d, creates another new warehouse with database
ds joining the warehouse. Therefore, two data warehouses are constructed. An inte-

grated MMM isformulated to play as the schema/view of each data warehouse.
4.2.3 Construction of Integrated MM Ms for Data Warehouses

Once the federation of data warehouses is obtained after the database clustering
strategy is applied, it is necessary to find out the probability distributions for the
integrated MMMs for the data warehouses since multimedia database searching is
based on the probability distributions of the integrated MMMs.

Let's say the data warehouse which contains databases d; and d, is called C'C}.
Tables 4.2 and 4.3 show the constructed A and B for the warehouse C'Cy. The rows
and columns of A represent the media objects in the warehouse; while the rows and
columns of B represent the total distinct attributes/features in the system and the

mediaobjectsin the warehouse, respectively. Asfor theinitial probability distribution
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Table 4.2

A for the integrated MMM for the warehouse C'C;.

state 1 2 3 4 5 6
1 0.423 | 0.262 0 0 0 | 0.315
2 0.447 | 0.553 0 0 0 0
3 0 0 | 0.418 | 0.254 | 0.164 | 0.164
4 0 0 | 0.269 | 0.500 0 | 0.231
5 0 0 | 0.084 0 | 0.458 | 0.458
6 0.238 0 | 0.052 | 0.070 | 0.285 | 0.355

Table 4.3

B for the integrated MMM for the warehouse C'C.

1 2 (3|45 6 1(2(3|a|5]|6 1|2 3 4 5 6

1| 1/4 olo|lo]o of11|o|o|lo|Jojo|lof21]|0]o0 0 0 0 0
2| 1/4 olo|o|o|1/2||12|o|o|lo|oflo|lof22]|0]0 0 0 0 0
3| 1/4 ololofo of13|oflo|lo|oflo|o|23|ofo]1/3 0 0 0
4|1/4|1/4l0|lo]o0 ofl14|ojo|lo|oflo|o|24]0]|0]|1/3]1/4 0 0
5 ofl1/4|0|o]o ofl1s|oflo|lojolo|o|l2s|o0fo0]1s3 0| 1/5 0
6 o|1/4|0o|o0|o0 ol16|oflo|lo|oflo|o|26|0]o0 0| 1/4 0 0
7 ol1/4|0|o0]o0 of17|o|lo|lo|oflo|o|z27|0]o0 0| 1/4 | 1/5 0
8 0 olo|o]o oll18|o|o|o|oflo|o|28|0]o0 0| 1/4 | 1/5 | 1/2
9 0 olo|o]o ofl19|oflo|o|ofo|o| 29|00 0 0| 1/5 0
10 0 olo|o]o ofl20|o|o|o|o|oflof 3|00 0 0| 1/5 0

for the warehouse, Equation 3.10 is used and the values are as follows.

Hec, = [5/24 4124 2124 3/24 4124 6/24)]

for data warehouse C'C,




5. CONCLUSIONS

With the advanced progress in high-speed communication networks, large capacity
storage devices, digitalized media, and data compression mechanisms, multimedia
applications have become popular. The emergence of networks of databases and the
explosive growth in the sizes of networks and data have motivated the need for a
multimedia database management system (MDBMS). A good MDBMS should not
only store, manage, and retrieve multimedia information, but also discover useful
information from the databases. In addition, the time and cost for query processing
increase as the size of the network increases. The cost for query processing is very
high especially when hundreds of multimedia databases are involved. Because o the
navigational characteristics of queries, queries tend to access information from those
databases in a certain application domain. If those related databases are conceptu-
ally grouped together as one unit, the time for query processing can be accelerated
and the cost for query processing can be reduced. Toward this end, a probabilistic
network-based mechanism is proposed for managing and utilizing the data in such an
information-providing multimedia database environment. The probabilistic network-
based mechanism systematically incorporates the probabilistic reasoning and data
mining techniquesinto an MDBMS.

With the help of a probabilistic network, the affinity relations of the databases
in the network can be embedded in some probabilistic model. For this purpose, we
presented a probabilistic based construct called Markov model mediator (MMM) to
serve as the probabilistic model for each node in the probabilistic network. The
MMM construct employs the principle of Markov models and the concept of media-
tors. An MMM is a stochastic finite state machine with a stochastic output process
attached to each state to describe the probability of occurrence of the output sym-

bols (states). Thus, we have two concurrent stochastic processes. the sequence of



the local/integrated MMM states modeling the structure of the mediaobjects; and a
set of state output processes modeling the predicting/identifying the required media
objects for retrieving the information for an incoming query.

Our proposed system provides four functional capabilities. structural organiza-
tion, information mining, database management, and information utilization under
six subsystems in three steps to facilitate the functionality of an MDBMS. The six
subsystems are the multimedia resource subsystem, knowledge discovery subsystem,
probabilistic network subsystem, data warehouse subsystem, query processing subsys-
tem, and information retrieval subsystem. The multimedia resource subsystem pro-
vides the probabilistic descriptions of a set of historical data and the structures of
the databases as the prior information for the rest of the subsystems. The knowl-
edge discovery subsystemand the probabilistic network subsystem provide thefacilities
to implement the structural organization and information mining capabilities based
on the prior information from the multimedia resource subsystem. The network of
databases is conceptually clustered into a federation of beneficial data warehouses
in the data warehouse subsystem to perform database management. Finally, the
information utilization capability can be achieved from the query processing subsys-
tem and the information retrieval subsystem. These four functional capabilities are
implemented in three steps. First, the probabilistic network is built by reasoning
the probability distributions and mining the generalized affinity-based associations.
Second, afederation of data warehouses isconstructed by deriving the similarity mea-
surement via a stochastic process. Third, alist of possible paths with respect to a

query is identified via the second stochastic process.
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