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Abstract

Object partitioning is an essential mechanism for improving the performance of object-based
systems. However, in most of the work to date, emphasis has been confined to the optimiza-
tion of disk rotation and seek time. The trend in the development of advanced information
systems has become more and more towards distributed environments. In a distributed envi-
ronment, multiple loosely-coupled (or even independent) systems are interconnected through
communication networks, each, possibly, with its own local disks. An essential step in de-
veloping an information system in such a distributed environment is to efficiently distribute
data to disks attached to the sites. Therefore, network communication overhead becomes
an important concern during object partitioning. In this paper, we exploit the Mincut al-
gorithm and introduce the concept of the binding strength to interpret the relationships
between objects in order to develop a linear time partitioning algorithm. The algorithm
partitions the objects of a complex object with the aim of minimizing the network commu-
nication overhead. The experimental results show a very promising performance advantage
in comparison with other methods.

Keywords: binding strength, communication overhead, complex objects, distributed sys-
tems, multimedia objects, object partitioning.

1 Introduction

The advent of multimedia information processing has pushed the object-oriented program-
ming paradigm [1]-[3] into becoming one of the most popular techniques for application and
system development. Multimedia information processing involves the integrated handling
of myriad of 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. A complex object
is a tree-structured collection of objects with differing characteristics and properties whose
nodes are associated with private and/or inherited attributes or properties. When handling
complex objects for either manipulation 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 computing environment.
The way objects are stored affects a system’s performance due the 1/O bottlenecks. Most
times, due to the sizes and retrieval requirements of the objects, it may be necessary to
decompose some of the objects in order to store them for parallel retrievability. One of the
goals of the partitioning strategy is to minimize the network communication overhead that
may otherwise develop if complex objects are allocated as a unit to sites.

One of the primary objectives for multimedia information processing is to be able to
ultimately develop a multimedia database system that captures and satisfies the requirements
of the conventional database systems as they pertain to multimedia data. This goal is a great
challenge due to the complexities introduced by continuous media such as audio/video. It is
not yet possible to manipulate those types of media for conventional and expected database
operations. Since the heterogeneity of systems and computing environments are becoming
increasingly transparent to users, it is important that multimedia data models be developed
that incorporate the capabilities of the existing data models.

Most of the meaningful work on data partitioning for distributed systems have been
done in the context of distributed database systems [4]-[6]. The partitioning and decom-
position strategies proposed and utilized for database systems fit the monolithic nature of
conventional data models. They are not sufficiently targeted towards complex objects with
particular emphasis on multimedia data. Of particular interest in complex object partition-
ing is the utilization probabilities between directly or indirectly related objects. Furthermore,
although some object-oriented database systems [7, 8] have been developed, it can be argued
that their object-orientedness stops at data representation, but does not encompass data
utilization implications.

In this paper, therefore, we present a complex object data model for multimedia data,
and the partitioning techniques for data distribution in a distributed system environment.
We employ the Mincut approach for generating the storage units for the components of a
distributed system.

2 The object data model

We now present the description of the object data model on which the data partitioning to
be proposed is based. Object-oriented complex object representations usually possess two
fundamental dimensional components, 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. Each 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. Using the example in Figure 1, Oy is the composite object; Oy, ..., Og are the



Figure 1: An example of the object data model.

complex objects of Oy; Ay,..., A3 are the attributes of Oy; Ay, ..., A1g are the attributes
of Og; etc. Furthermore, as shown in Figure 2, the attribute Ajs of Og can be decomposed
to form the complex object Og with new attributes A;g and Ajg.

An important feature of complex objects is object sharing. Sharing can occur at complex
object or attribute level. Shared objects logically belong to each of the parent objects, but
are physically stored only once. For example, Figure 3 shows that O, shares Az with Oy
and A7 with Og. Note that more than two objects can share an attribute. In the rest of the
discussion, we may also refer to attributes as simply objects.



Figure 3: An example of data sharing.

In order to create a composite object, the constituent complex objects and attributes
are initially defined as dummy entities. The partitioning strategies to be described are then
applied on the elements of the composite object to determine the allocation units. A com-
posite object can grow or shrink at any time. After a composite object has grown by one or
more attributes or complex objects, it will be necessary to re-partition the composite object
for purposes of determining the optimal allocation of the new components with respect to
existing ones. The re-partitioning does not invalidate other stored objects.

3 The distributed system model

In order to get a full understanding of the partitioning strategies to be proposed, we briefly
describe the envisioned distributed system environment. The distributed system environ-
ment, as shown in Figure 4, consists of a Global Interconnection Network and a number
of network clusters. Fach cluster comprises a number of sites. Each site within a cluster
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Figure 4: An example of the distributed system environment.

may contain some storage devices for storing the objects. Figure 4 shows one such global
network with 3 network clusters (', C5, and Cj. It is important to state categorically that



in partitioning the complex objects for the distributed systems, we do not account for some
of the network issues such as bandwidths, delays, etc. We assume that those issues are better
addressed by each specific allocation strategy within a given site. The :th site in a network
cluster is represented as H;.

4 Problem formulation

Taking cognizance of the issues that have been highlighted and the object and system model
described, the partitioning problem can be stated as follows: Given a number of composite
objects with the associated complex objects and attributes how do we

e determine the allocation units for each network cluster? An allocation unit is a subset
of the attributes of a composite object that must be allocated within a single target.

e 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?

develop the efficient algorithms and processes to achieve our objectives?

e demonstrate the realization of our partitioning objectives?

5 Object creation and accessibilities

Before a composite object can be partitioned or requested for manipulation, it must have
been previously created. The creation of a composite object requires the specification of
the constituent complex objects and corresponding attributes. The corresponding data for
the attribute values need not exist at this time. Since one of the important goals of object
partitioning is to distribute data in order to minimize network communication overhead, it
becomes imperative that we must strive to distinguish between the objects that are destined
for local and/or remote accessibilities. Objects that are destined for local consumption do
not participate in the partitioning process for generating the allocation units. In the case
that an object or attribute has both accessibilities, remote access takes precedence.

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 as-
sociated attributes immediately follow each complex 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 5 be a composite object that we need to create in our system. We can accomplish
that by executing the command:

CREAT_OBJ(Ol [Ah AQ](OQ [Ag, A47 A5], 03(05 [Ag, Alo],
Og[A11, A1z, A13%l)), O4[As, A7, AsT%1)(O7 %1 [A1a, A15)(Os[Ass, A17]))))
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Figure 5: A composite object to be created.

Consequently, complex object O; and attributes A;3 and As will be allocated in the local
site. They will not belong to any of the allocation units to be generated from the partitioning
process.

In the case of shared objects, we precede each shared attribute with a string formed
from the symbol “#” and the sharing objects. For example, using Figure 3, we create the
composite object thus:

CREAT _OBJ(0:(03[#04As, #0s As, Avy], Os[Ar, As](O4]As, Ay]
(Os[Az7, As, Ag)), O5[As, Ag))))

6 Problem analysis

Having presented the object and system models, the allocation issues, and problems, we
now discuss in more detail the analyses of the partitioning objectives and goals. The
primary problem in partitioning objects for distributed allocation is how to determine
their clusterizations. Given some complex objects and their associated attributes, we
know that related attributes, with respect to their complex objects, have higher de-
gree of concurrent utilization or access. If we use the edges between two complex ob-
jects 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 concur-
rently requested. For example, in Figure 5, the distance between Aiq and A; is 5, i.e.,
[(A10,05),(05,03),(03,01),(01,04),(04, A7)] and the distance between Ajg and A7 is 7,
ie., [(A10,05),(05,03),(03,01),(01,04),(04,07),(07,05s),(0s, Ay17]. Therefore, with re-
spect to Ajg, their is a higher probability that A; 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.

Judging from our distributed system model, two levels of allocation decisions must be
made. At the first level, we partition objects for the network clusters, while at the second
level, we partition objects for sites. At each level, we strive to generate allocation units that
comprise related objects. By so doing, we do not disperse co-requisite objects thereby in-
troducing 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 decom-
position to maximize [/O throughput. Examples of those allocation strategies can be found

in [9]-[11].
6.1 Utilizing subgraphs and multigraphs

As is evident from our object data 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 subgraphs of a multigraph. The subgraphs are formed such that the objects of a
subgraph form an allocation unit for either a network cluster or site, and also the allocation
of the units achieves the stated objectives. In order to obtain the subgraphs, it is necessary
that we flatten each composite object tree to show all the possible edge-relations between
pairs of attributes. Obviously, there exists an edge between every pair of nodes. Given that
a multigraph has n nodes, there are at most @ edges. We label the edge (A;, A;) where
1 <i<nand:i < j<n with a weight value, b; ;, that corresponds to the distance between
the nodes. For example, Figure 6 shows a composite object and its multigraph. The weight
on each edge 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,Go, ..., Gy, such that the cumulative cost, C, of the sets is minimized.
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Figure 6: An example of a composite object and its multigraph.

That is, the sets are selected such that

C= i i (wi;) (1)

1=1 j=1+1

is minimized, where

w; 5 = Z Z (bk,l)- (2)
k| AR €G; 1| A€,
The exact solution of this problem is currently intractable in the sense that no polynomial-
time algorithm for it is known to exist [12]. However, we use the Mincut Algorithm [13] to
develop a strategy to achieve an efficient solution.

7 The proposed approach

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.

7.1 The mincut algorithm

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. Obviously, from our
previous discussions, this value is captured by the b; ;’s. Therefore, we assign the binding
strength between A; and A; as b; ;. The binding strengths are the weights used on a multi-
graph to exploit the Mincut heuristic graph partitioning technique. 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.

7.2 Global and site-specific partitioning



In our previous discussion, we stipulated that two levels of partitioning are necessary to
completely distribute the objects of a composite object in our distributed environment. The
first involves the partitioning of objects with respect to the network clusters, while the other
involves the individual sites within a network cluster. When mapping an allocation unit to a
network cluster, it is necessary that there exists enough free space in the sites that comprise
the cluster to accommodate the unit. Therefore, given that leree is the cumulative free space
in the ith cluster; S; is the size of A;; Gy,..., G, are the allocation sets for m clusters/sites
generated from a minimization of the cost function C; and that we represent as G; = H;
and G; = () the fact that G; is mapped to H; or C}, respectively. Therefore, the following
constraint also applies:

Vili=1...m]if Gy = (H;VC)), 1 <j<mthen (X4 cq Sk) < DI

The site partitioning handles the specific allocation of objects to individual sites within a
cluster. In doing so, we have to recognize two conditions due to the sizes of objects and band-
widths of storage devices. It is obvious that some of the multimedia objects are enormously
large and require very high data availability. In order to achieve the data availability rates
of these objects, it may be necessary to fragment them for disk arrays that foster parallel
retrievability. As with the global partitioning and disk space availability, the same condition
must be satisfied for site allocations.

7.3 The partitioning algorithm

The two-level partitioning algorithm described in the previous sections, is then derived as
follows:
Let m be the current number of network clusters in a given global network; n

of sites in the ith network cluster that have disk arrays; n';,

7

¢ 4s the number

the number of sites in the ith
network cluster without disk arrays.

1. begin

2. Apply the Mincut Algorithm to obtain m sets

3. for:=1tom

4. begin

3. Group attributes according to disk configuration requirement
6. Apply Mincut Algorithm for n’_,, and n’,,.
7. for k =1 ton' ,;n',,

8. begin

10. end

11. end

12.  end

In step (2) of the algorithm, we utilize the Mincut Algorithm to determine the optimal
sets for the network clusters. In step (5), for each set generated, we group the attributes
according to their data availability rates, i.e., we group together those objects that require
parallel disk configuration to satisfy their expected retrieval rates. In step (6), we apply



the Mincut Algorithm again to the groups produced to generate optimal allocations for the
applicable sites. Finally, in step (9), we assign each set to the appropriate site. It is necessary
to point out that we may not always generate a number of sets equal to the target sites or
clusters; it depends on the number of objects being handled.

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.

8 Simulation model

In order to verify our partitioning technique, we need to analyze the average binding strengths
within each cluster or site. The experiments consist of a number of composite objects whose
number of complex objects and attributes are randomly generated. The accessibility of
an object, i.e., remote or local, is also randomly determined with higher probability given
to remote accessibility. To control the size of the composite objects, each composite or
complex object is limited to a specific maximum number of attributes. Each composite
object is independently partitioned for allocation; however, more than one partitioning can
be done concurrently since we are operating in a distributed environment. In order to get a
better understanding of the actual behavior of our strategy, two modes of experiments are
conducted.

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 determine the degree of distribution.
The binding strength used in analyzing the results are the binding strengths between each
pair of objects within a cluster or site. Furthermore, the average binding strengths between
different sites in a cluster are used to determine the degree of distribution among the sites.
Due to the bias introduced by the co-existence of sites with or without disk arrays, we
intentionally analyzed clusters with only disk arrays or without disk arrays. This is only
to help understand the degree of distribution and does not in any way affect the actual
configuration of sites in real environments.

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. In the
sequential allocation, given that there are g objects and h targets (sites or clusters), the first
7 objects are allocated to the first target; the second ¢ objects to the second target, etc. In
the size-balancing approach, the total size of the objects to be allocated is equally distributed
among the targets. For example, if size is the total size of the objects to be allocated among
h targets, then the first number of objects whose cumulative size is less than or equal to “ie
are allocated to the first target and the second number of objects whose cumulative size does
siz¢ are allocated to the second target, etc. We use the average binding strength

h
of allocated objects to determine the degree of distribution.

not exceed

8.1 Simulation results

In the first case experiment, we used a global network that comprises 10 network clusters
where the size of each cluster ranged between 1 and 40 sites. A total of 1,000 composite
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objects where each composite object consisted of between 1 and 50 attributes were used.
Figure 7 shows the final average binding strength in each network cluster. The results show
that, with respect to the average distance between 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 conducting different experiments, we noticed that
the average binding strength within a cluster increases as the number of clusters gets smaller.
This is explainable by the fact that, as the number of sets to be generated gets smaller, the
size of each set gets bigger which invariably means that objects that may have considerable
distance between them may end up in the same set. When that happens, the average binding
strength increases. Figure 7 shows both behavior, i.e., the graph with higher average binding
strengths among the clusters was obtained when the number of clusters decreased from 10
to 6. In the second case, the same objects in the first case were applied to the sequential and
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Figure 7: Proposed strategy’s object distribution within clusters.

size-balancing approaches. Figure 8 shows the results of the average binding strengths among
the three methods. The proposed strategy yielded the smallest average binding 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. We are not concerned about the
relative behaviors between the sequential and size-balancing methods; we are only reporting
their observed behavior in relation to the proposed technique. The preference of the proposed
strategy then becomes evident and obvious.
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Figure 8: Comparative object distribution with other techniques.
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9 Conclusions

In this paper, we have proposed an object data model that captures many of the fundamental
representational and storage properties of the primary conventional database data models,
and also a distributed system model. We described the essential characteristics of the objects
in terms of their accessibilities and creation. We applied the Mincut algorithm through the
utilization of multigraphs to generate subgraphs that represent optimal collection of objects
that should be co-allocated within a network cluster or site.

This work points to the necessary need of partitioning complex object with cognizance
of their relative utilizations. The almost uniform average binding strengths observed from
the experiments indicate that the technique efficiently partitions objects of complex objects
for balanced distribution among the targets.
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