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Abstract

Object partitioning is an essential mechanism to improving the performance
of complex object-based systems. An essential step in developing an effi-
cient information system in such a distributed environment is to optimally
distribute data among the applicable sites. As a result, network communica-
tion overhead becomes a concern during object partitioning. For multimedia
(complex) objects, the communication overhead is greatly affected by the way
related or unrelated objects are aggregated for distribution. In this paper,
we present two models of multimedia data models and discuss the techniques
for efficient distribution of the objects. One model exploits the Mincut Al-
gorithm and introduces the concept of the binding strength to interpret the
relationships between objects in order to develop a linear time partitioning
algorithm. The other model utilizes user specified or system determined de-
gree of partitioning and bipartite matching to determine the aggregation and
optimal allocation of objects.

Keywords: bipartite matching, communication overhead, complex objects,
distributed systems, eflicient allocation, multimedia, object partitioning.

1 Introduction

The advent of multimedia information processing has pushed the object-
oriented programming paradigm [1, 2] into becoming one of the most popular
techniques for application and system development. Multimedia information
processing involves the integrated handling of myriad of different data types
derived from different media. As a result of the heterogeneity of the data
types and the necessity to create a transparent view of the data types to the
users and applications, multimedia data models are usually developed with
the object-oriented approach. In order to capture the diversity of multimedia



data, complex objects are used to represent the different objects, sub-objects,
and their relationships. When handling complex objects for either manip-
ulation or presentation, a number of different problems arise. One of these
problems is the storage allocation of the objects. The allocation problem
concerns the way related or unrelated objects are stored in a given comput-
ing environment. The way objects are stored affects a system performance
due the I/0O bottlenecks. Most times, due to the sizes and retrieval require-
ments of the objects, it may be necessary to decompose some of the objectsin
order to store them for parallel retrievability. In a distributed environment,
it becomes imperative that a complex object may have to be partitioned
among the components of the distributed system. One of the goals of the
partitioning is to minimize the network communication overhead that may
otherwise develop if complex objects are allocated randomly to sites. There-
fore, it becomes necessary that intelligent partitioning strategies should be
utilized to generate the allocation units.

One of the ambitious goals of multimedia information processing tech-
nology is to be able to develop Multimedia Data Base Systems (MDBSs)
that capture and satisfy the requirements of the conventional database sys-
tems as they pertain to multimedia data. These goals have been a great
challenge due to the complexities introduced by continuous media such as
audio/video. It is not yet possible to manipulate these types of media for
conventional and expected database operations. Since the heterogeneity of
systems and computing environments are becoming increasingly transpar-
ent to users, it is important that multimedia data models be developed that
should be able to embed existing data models. The multimedia data mod-
els are expected to reflect the fundamental properties of the conventional
models, i.e., non-multimedia data models.

Most of the meaningful work on data partitioning for distributed systems
have been done in the context of distributed database systems [3, 4]. The
partitioning and decomposition strategies proposed and utilized for database
systems fit the monolithic nature of conventional data models. They are
not sufliciently targeted towards complex objects with particular empha-
sis on multimedia data. Consequently, although the techniques are helpful
for conventional database systems, they are inadequate and insufficient for
complex objects. Of particular interest in complex object partitioning is the
utilization probabilities between directly or indirectly related objects. Fur-
thermore, although some object-oriented database systems [5, 6] have been
developed, it can be argued that their object-orientedness stops at data rep-
resentation but does not encompass data utilization. For system performance
when complex objects are distributed, it should be an uncompromising re-
quirement that inter-object utilization factor be considered during objects’
decomposition or partitioning.

In this paper, we present two complex object data models for multimedia
data, and the partitioning techniques for data distribution in a distributed
system environment. Fach model utilizes a different strategy for generating
and optimally allocating the multimedia objects.



2 The Object Data Models

The clusterization techniques proposed are based on the multimedia data
models described below. Our goal is to capture, as exhaustively as possible,
the different data allocation conditions necessitated by different configura-
tions of multimedia objects.

2.1 Attribute-Based Object Model (ABOM)

An attribute of an object defines its granularity and uniqueness. One of the
primary goals of our model is to maintain the fundamental representational
characteristics of conventional database models. Object-oriented complex
object representations usually possess two fundamental dimensional com-
ponents, namely, the orthogonal and vertical components. The orthogonal
components are the attributes of an object while the vertical components
are the sub-objects. The attributes are the storable data that define certain
characteristics of a sub-object. A sub-object is a complex object with or
without attributes and may in turn consist of sub-objects.

Therefore, our object data model is shown in Figure 1. It is a tree-
structured collection of objects whose root node is called a composite object.
Fach internal node of a composite object is a complex object that consists
of one or more attributes. The attributes are the leaf nodes of the complex
objects which are shown as orthogonal entities in Figure 1. It is possible and
permissible for an attribute to be decomposed into a complex object when
necessary.

Figure 1: An example of the object data model.

An important feature of complex objects is object sharing. Shared ob-
jects logically belong to each of the parent objects, but are physically stored
only once.



2.2 Media Objects Aggregation Model (MOAM)

The object model shown above is primarily tailored towards complex object
database environments. We know that data allocations do not always re-
quire the granularity inherent or necessary in ABOM. For certain multimedia
application environments, users may need to aggregate objects (complex ob-
jects) based on uniform or common perceptional and visionary properties.
The Media Objects Aggregation Model (MOAM) allows users and appli-
cations to define hierarchical tree-structured object compositions based on
some common characteristics. Figure 2 shows an example of MOAM ob-
ject tree. It comprises a composite object (01) whose internal nodes are the
complex objects (02, 03,06) and the leaf nodes (04, 05,07, 08,09) are the use-
able and storable objects called Data Elements (DEs). Each collection of
leaf nodes of a complex object constitutes a particular type of media object.
The DEs of a composite object can be dynamically created per need basis.
To a user, an object tree represents an instance of a multimedia session.

Composite object

Video

Poster Graphics

Figure 2: An example of a composite object tree

The distributed system environment consists of a Global Interconnection
Network which comprises a number of network clusters (LANs). Each cluster
comprises a number of sites. The ¢th site in a network cluster is represented
as H;.

3 Problem Formulation

One of the most perturbing problems with complex objects is that, since
the objects have varying and differing characteristics and properties, in a
computing environment that consists of a number of processing and stor-
age nodes, we must define an efficient allocation strategy for data allocation
with respect to some utilization criteria. The objectives being to maximize
the utilization of the system resources, balance the loads on the nodes, and
increase system efficiency. These issues give rise to the problem of cluster-
ization. It defines conditions under which two or more objects should be
allocated in a single node.



Therefore taking cognizance of the issues that have been discussed and
the object and system models described, the clusterization problem can be
stated as follows: Given a number of composite objects with the associated
complex objects and attributes or DEs how do we

o determine the allocation units for each network cluster?
o determine the allocation unit for each site within a network cluster?

o determine the object characteristics and properties that are necessary
and sufficient for developing the criteria for generating the allocation
units?

o determine the effects of local or remote accessibilities?

o develop the efficient algorithms and processes to achieve our objec-
tives?

e demonstrate the realization of our clusterization techniques?

4 Object Creation and Allocation Requirements

The objects of the models are dynamically created and stored in the system.
At the creation of a DE, complex object, or attribute, the user or application
must specify whether the object is limited to local access (class-L object),
remote access (class-R object), or both accesses. Only local or remote access
is legal; therefore, when an object has both accessibilities, remote access
takes precedence.

4.1 Creation and Allocation Requirements of MOAM Ob-
jects

After creating a MOAM class-R composite object, complex object, or DE,
the user or application must specify the degree of allocation for the applicable
entity or entities. The degree of allocation specifies the maximum number of
class-R objects of the target object that must be stored in a single node of
a distributed system. There are two special cases of a degree of allocation,
namely, when (1) the degree of allocation is one, i.e., each DE of a composite
object must be stored in a different node. We call this inler DF degree of
allocation (IDDA) and represent it as d'%®. (2) the degree of allocation
requires that the class-R DEs of each complex object be stored in a different
node. We call this inter complex object degree of allocation (ICDA) and
represent is as d°. Other degrees of allocation are represented as d™*™
where num is the degree of allocation. For example, Figure 3 (left figure)
shows a sample composite multimedia object and its allocation with IDDA.
Figure 3 (right figure) shows the same composite object with ICDA. As an



example, using IDDA, if DFy,..., DE, are the DEs of a composite object,
then if DE, (1 < k < z) is stored at a site H; (1 < 7 < N), then there
should not exist DEy (1 <k’ < z and k¥’ # k) such that DEy is also stored
at site H;. By replacing the DEs, DFEy,..., DE,, with complex objects in
the above condition, we obtain the allocation policy for the ICDA.
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Figure 3: An example of an IDDA and ICDA.

For a composite object with considerable number of DEs relative to the
number of target sites, the IDDA may not be possible.

4.2 Creation and Allocation Requirements of ABOM Ob-
jects

The creation of an ABOM composite object requires the specification of
the constituent complex objects and corresponding attributes. The object
creation command syntax tries to preserve the hierarchical relationships be-
tween the objects and their associated attributes. We enclose the immediate
children of a complex object within a parenthesis, each child is separated
with a comma, while the associated attributes immediately follow each com-
plex object enclosed in brackets. When a complex object or attribute is for
local access only, then we associate it with the symbols “%1”. We use the
command CREAT_OBJ to create a composite object. For example, let
Figure 4 be a composite object that we need to create in our system. We
can accomplish that be executing the command:

CREAT_OBJ(Ol[Al , AQ](OQ[A3, A4, A5], 03(05[149, A10]7
06[A117 A127 AIS%Z])v 04[A67 A77 AS%Z](O7%I [A147 A15](08[A167 A17]))))



Figure 4: A composite object to be created.

In the case of shared objects, we precede each shared attribute with a
string formed from the symbol “#” and the sharing objects.

5 Problem Analysis

Having presented the object and system models, and the allocation issues
and problems, we now discuss in more detail the analyses of the partition-
ing objectives and goals. The primary problem in partitioning objects for
distributed allocation is the determination of their clusterizations. When a
composite object allocation spans multiple LANs, then two levels of alloca-
tion arise. At the first level, we partition objects for the network clusters,
while at the second level, we partition objects for sites within a cluster.

5.1 The MOAM Objects

As we stated previously, we must specify the degree of allocation for class-R
objects of a composite object for efficient allocation. Since each DE in class-
R is susceptible to concurrent multiple accesses from any number of users,
applications, or sites, the overwhelming motivation will be to utilize IDDA
for each class-R object of a composite object. The cumulative number of
target nodes is the most important limiting factor for the utilization of the

IDDA.

5.1.1 Inter DE and Complex Object Degrees of Allocation

There are certain conditions that must be satisfied for an effective utilization
of either the IDDA or ICDA. If the number of class-R objects in a composite
object is greater than the number of target nodes, then we cannot store
the composite object with IDDA. If the number of complex objects in a
composite object exceeds the number of nodes, then we cannot store the
class-R objects of the composite object with ICDA.



5.1.2 Other Degrees of Allocation

The goal of other degrees of allocation is quite different from the goals of
ICDA and IDDA. The objective of the other degrees of allocation is to store a
number of DEs that belong to different complex objects into a single site. We
denote as O#°°% the number of complex objects in composite object O that
have DEs associated with them. Given d™“™, we expect that num < O#c°s,
Each DE in the set of DEs to be stored in a given site belongs to a different
complex object. We need to generate sets of DEs such that each DE in a
set comes from a different complex object. The number of the sets for the
allocation of a composite object is limited by the number of target sites.
The DE sets selected from the possible sets must cover all the DEs in the
composite object. Let DS;, 1 <1 < my,, be a DE set that must be stored
in a single site where mys is less than or equal to the number of target

sites represented in a given number of network clusters. Therefore, stated
formally, if DSy,...,DS,,,, are the DE sets for O, then

if DE; € DS; (1 <j<mygs) thenVk [k=1...mys, kK #j] ADSj such
that DE; € DY},
and

VDE € O, DE € ;"% DSy

The union of each DSy,..., DS, ,, yields a set that contains every DE of
the composite object. Furthermore, each DE is a member of at most one DE
set and none of the complex objects should have a number of DEs greater
than the number of target sites. Under normal circumstance, in order to
achieve the stated objectives, we expect that the number of target sites is
greater than or equal to O#°*, There arises a situation when the number
of applicable sites is less than O#°*. Under this condition, it may become
impossible to obtain disjoint sets. However, our allocation strategy allows
some flexibility with the satisfiability of the mutual exclusivities. The user
is allowed to specify two or more complex objects that can be coalesced to
form one complex object. We can still maintain the mutual exclusivity of
the DE sets if and only if the number of elements in the coalesced sets does
not exceed the number of target sites.

5.2 The ABOM Objects

Given some complex objects and associated attributes of an ABOM com-
posite object, we know that related attributes, with respect to their com-
plex objects, have higher degree of concurrent utilization or access. If we
use the edges between two complex objects or a complex object and an
attribute to denote logical distances, then the more the distance between
two attributes, the less the probability that they may be concurrently re-
quested. For example, in Figure 4, the distance between A;q and A7 is

5,1.e., [(A10,05), (05,03), (03,01), (01,04), (O4, A7)] and the distance



between Ajg and A7 is 7, ie., [(410,05), (0s5,03), (03,01), (01,04),
(04,07),(07,05), (Os, A17]. Therefore, with respect to Ajg, their is a higher
probability that A7 may be requested concurrently with it than A;7. The
partitioning algorithm must then account for these relationships between
attributes when generating the allocation units.

At each level of object distribution, we strive to generate allocation units
that comprise related objects. By so doing, we do not disperse co-requisite
objects thereby introducing unnecessary remote accesses which invariably
affects system performance through network communication overheads. Due
to the inherent nature of some of the multimedia objects, we assume that
each site provides parallel retrieval environment for object decomposition to
maximize 1/O throughput. Examples of those allocation strategies can be
found in [7, 8].

5.2.1 Utilizing Sub-graphs and Multigraphs

From the ABOM model, the elements of a composite object are represented
as hierarchical entities which may share data among themselves. If we view
the objects as nodes and object relations as edges, then our partitioning
problem can be summarily viewed as finding sub-graphs of a multigraph. In
order to obtain the sub-graphs, we need to flatten each composite object tree
to show all the possible edge-relations between pairs of attributes. We label
the edge (A;, A;) where 1 < ¢ < n and ¢ < j < n with a weight value b; ;
which corresponds to the distance between the nodes. For example, Figure 5
shows a composite object and its multigraph. The weight on each edge
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Figure 5: An example of a composite object and its multigraph.

between each pair of nodes indicates the distance between them. Therefore,
we need to develop a cost function based on the weights and build a number
of sets of nodes, G1,Gy, ..., Gy, such that the cumulative cost, C, of the
sets is minimized. That is, the sets are selected such that

C=>5 E;n:i+1(wi7j) is minimized, where w; ; = Ek|AkeGi Zz|AleG](bk,l)-



The exact solution of this problem is currently intractable in the sense that
no polynomial-time algorithm for it is known to exist [9]. However, we use
the Mincut Algorithm [10] to develop a strategy to achieve a nearly optimal
solution.

6 Multimedia Object Partitioning Strategies

We now discuss in detail the different partitioning strategies necessary for
each object model presented in order to efficiently distribute the applicable
objects to the target sites.

6.1 Partitioning MOAM Objects

Determining the allocatability of a group of DEs necessitates the building of
storage units. The storage units are the groupings, according to the degree
of allocation, of the DEs that must be allocated per site. In the case of
IDDA, the partitioning is as simple as extracting the leaf nodes (DEs) of a
composite object as the example in Figure 6 (left) shows. The goal of ICDA
is to partition a composite object according to the complex objects such that
each storage unit contains only the immediate DEs of the complex object.
For example, in Figure 6 (right) we want to be able to partition the complex
objects to obtain the storage units shown.

Figure 6: Composite object partitioning for IDDA and ICDA.

In order to systematically obtain our storage units for ICDA, we have to
use a traversal algorithm. The traversal algorithm that best fits our purpose
is the Depth First Traversal (DFT) algorithm [11]. The partition process is
described recursively as in the algorithm below.



Algorithm I: A Depth First Traversal algorithm for object partitioning.
Algorithm DFT(v)

/* Given a composite object tree with n nodes and an array VISITED([1...n] initially set to zero
this algorithm visits all the nodes reachable from v and extracts the DEs associated with each
complex object. BUILD(v, w) associates the current DE, w, with its complex object, v. */
VISITED[v] = 1
For every immediate child w of v do
If w is a leaf node and w € class-R
then
If VISITED[w] = 0
then
VISITED[w] = 1
BUILD(v, w)
endif
endif
else DFT(w)
endfor
end DFT

An analysis of Algorithm I shows that if n is the number of internal nodes
in a composite object tree, G, and T'(n) is the execution time with respect
to n, then T'(n) = O(n).

6.1.1 Partitioning for Other Degrees of Allocation

From the discussions in Section 5.1.2, we know that in order to build the
storage units for these degrees of allocation, we must generate and combine
a number of sets of DEs. Precisely, we need to the following;:

1. build the DEs of each of the applicable complex object,

2. generate combinations of DEs of different complex objects based on
the degree of allocation specified,

3. select a number of sets from step 2 such that the resultant sets form a
valid cover for all the applicable DEs,

4. if step 3 failed, then rquest for coalescing and go back to step 2 until
coalescing becomes impossible.

The analysis of the process shows that the time of execution is bounded
by the maximum number of sets generated. In other words, if d**™ is the
degree of allocation, O#P¥s the number of DEs in a given composite object,
and T'(O) the time of partitioning O, therefore,

O([—Ojufj”“m) if num < 222
T(0)= :

0(20%P7 =numy  otherwise

DEs. O#DEs
O# e

Therefore, generally speaking, T(0) = O(|

num



6.2 Determining Optimal Allocation Sites

Having generated the storage units, our next important objective is to de-
termine the optimal site to store each storage unit. Within each site, there
is a cost induced on the storage devices by some amount of data. We denote
as ec; ;, the expected cost of allocating the DEs of the ¢th storage unit to
H;. The expected cost of a DE to a site is a function of the total expected
costs of all the DEs already allocated to that site. There are several ways
to determine this cost, e.g., [8]. Each site, therefore, computes the expected
cost of allocating each storage unit to its storage devices. Obviously, a given
storage unit may incur different costs at different sites. Our goal is to find
the optimal site to store a storage unit with respect to the current utiliza-
tions of the applicable storage devices. Therefore, if we need to balance the
utilizations of the storage devices, then we must choose optimal sites based
on minimal expected cumulative costs of allocations.

Table IT shows some examples of expected costs for the storage units
shown in Figure 6 (left). A box with -’ implies that the corresponding DE
is unallocatable to the corresponding site.

Table II: Examples of expected costs for the storage units in Figure 6 (left).

H, Hy H; Hy H; Hg
DE, 16.6 2810.0 | 205.9 - 23.5 -
DE> 17.5 2811.0 - 5123.9 - 55.0
DEs 10.7 - 0.2 23.5 - 16.9
DE, | 110.0 - 10.3 0.1 128.1 -
DEy - 256.0 0.3 - 200.4 | 17.2

Applying the allocation and minimization rules, we have DF; 1 Hs,
DFEyLHy, DEs1Hg, DE,1 Hy, DE51 H3, with a total allocation cost of
58.3.

Since our goal is to fairly distribute the loads across the sites, we have
to select the mappings that yield minimal cumulative expected costs. This
selection process is similar to the classical problem of the bipartite matching
problem which has been applied to numerous problems such as the maz-
flow problem [12], bipartite weighlted matching problem [13], also known as
the assignment problem. Several algorithms have been developed to solve
these problems; however, the one that best fits our problem is the Hungar-
ian Method [13]. If we build a bipartite graph where the vertex partitions
comprise the storage units (V,) and sites (V;), then there is an edge from a
node in V, to all the sites in Vs to which it is allocatable. We label each edge
with the corresponding expected cost. Consequently, we apply the Hungar-
ian Method to determine the efflicient allocation of each storage unit. It tries
to map the nodes of one side of the bipartite graph to the nodes of the other
side with the aim of minimizing the cumulative weights of the mapped edges.
During matching, the nodes are mapped on one-to-one basis and the Hungar-
ian Method guarantees a solution if one exists. Figure 7 shows the bipartite
graph built from Table II for an IDDA where the bold-face edges show the
results of the optimal bipartite matching from the Hungarian Method.



Figure 7: A sample bipartite graph and optimal allocations.

6.3 Partitioning ABOM Objects

In order to exploit the capabilities of the Mincut Algorithm, we use the
concept of Binding Strength as a quantitative scale to interpret the utilization
relationships between pairs of objects. The sets generated by the algorithm
are used as the allocation units for either the network clusters or individual
sites.

The Mincut algorithm method is a heuristic approach that has been
applied to numerous graph or network based problems to partition a graph
or network. In order to exploit the capability of the mincut algorithm,
we define a binding strength between two objects to indicate the degree of
closeness or relative co-usability between them. This value is captured by the
b; ;’s and so we assign the binding strength between A; and A; as b; ;. The
Mincut Algorithm accepts as input a multigraph with the associated binding
strengths of the edges and the number of sets to generate. It produces the
number of specified sets comprising disjoint nodes whose cumulative binding

strength is the minimal possible.
Let m be the current number of network clusters in a given global net-

work; n'fnds the number of sites in the ith network cluster that have disk

arrays; n.,;, the number of sites in the ith network cluster without disk
arrays; therefore, the partitioning algorithm is described as follows:

1. begin

2. Apply the Mincut Algorithm to obtain m sets

3. for:=1tom

4. begin

5. Group attributes according to disk configuration requirement
6. Apply Mincut Algorithm for ninds and nids.
7. for k=1ton; ,;ni,

8. begin

9. Gy = (LAN kV Hy)

10. end

11. end

12. end

An analysis of the algorithm shows that it has a complexity of O(Nlogm)
which is the complexity of the Mincut Algorithm. It is important to know



that the partitioning on the site level is done in parallel by applicable sites
within each cluster.

7 Simulation Models

Due to the differences in the object models and their partitioning strategies,
we use two different simulations to understand the degrees of objects dis-
tribution. In each case, we want to get a better vivid understanding of the
objects distribution with respect to the status of the storage devices in the
target sites.

7.1 The ABOM Objects

We need to analyze the average binding strengths within each cluster or site.
The experiments consist of a number of composite objects whose constituent
number of complex objects and attributes are randomly generated. In the
first case, we want to observe the distribution of objects with respect to
each network cluster and then, with respect to each site. We use the average
cumulative binding strength of all the objects allocated in a cluster to deter-
mine the degree of distribution. In the second case, we want to compare our
partitioning strategy with commonly used methods, i.e., either sequentially
allocating objects or size-balancing allocations.

7.1.1 Simulation Results

Figure 8 (left) shows the final average binding strength in each network
cluster. The results show that, with respect to the average distance be-
tween objects allocated to a cluster, the binding strengths are relatively
uniform. They point to the fact that within a cluster, objects that are closer
to each other are co-allocated. In the second case, the same objects in the
first case were applied to the sequential and size-balancing approaches. Fig-
ure 8 (right) shows the results of the average binding strengths among the
three methods. The proposed strategy yielded the smallest average bind-
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Figure 8: Object distribution (left) and Comparative object distribution
(right).

ing strength to indicate that related objects are more closely allocated than



the other two methods since our strategy tries to generate optimal sets for
allocation.

7.2 The MOAM Objects

We use the final cumulative costs of the storage devices in each site to de-
termine the extent of distribution. The simulation comprises the generation
of a number of composite objects with varying number of DEs. The size of a
DE (between 1 byte and 10MB) is randomly determined. The expected cost
of a DE is determined as a function of its size and the current loads on the
target site. We defined a coefficient e such that if DE?**¢ is the size of the
ith DE, and there are n DEs, then Vk [1...n] e > DEP**. If H{*™ is the

current cumulative expected costs of H;, then ecy ; = e x DE,?Z6 X H™,

7.2.1 Simulation Results

Figure 9 shows the graph of the final cumulative cost per site in the cluster.
The figure shows that, within the cluster, the loads among the storage devices
are relatively the same. Taking cognizance of the importance and meaning of
the allocation parameters and criteria, it becomes obvious that the allocation
process has distributed the objects such that all the sites have relatively equal
loads.
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Figure 9: Load distribution in a distributed environment.

8 Conclusions

This work points to the necessary need of partitioning complex objects with
cognizance of their relative utilizations or inherent allocation requirements.
By using the concept of the binding strength derived from the hierarchical
distance between pairs of objects, we capture the relative probability of co-
requisiteness between pairs of objects. The almost uniform average binding
strengths observed from the experiments indicate that the technique effi-
ciently partitions objects of complex objects for balanced distribution among
the targets.
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