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ABSTRACT

Complete processing can rapidly become intractable for extremely large
inputs to computational tasks, and sampling is often employed to improve
efficiency. In many such applications, sampling is used to estimate features of a
population by enumerating features for a subset of that population. This work
introduces the idea of sampling for large input proxies (SLIP) for use in problems
where solutions depend on problem specific features (PSF). Random sampling
schemes are introduced which retain such features for several applications, and
approximations of the original input’s features consequently can take signifi-
cantly less time. In addition, these proxies can actually be used as substitute
inputs for more efficient computation for some tasks. SLIP is applied to two
sorting related problems as well as two data mining tasks (classification and
clustering). With different types of inputs from different domains, SLIP provides
a general framework to improve performance in several applications with little
loss in accuracy.
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CHAPTER 1

INTRODUCTION

In computational problems where the solution space is very large and its explo-
ration computationally complex, there is often a tradeoff between the efficiency
of a solution and its accuracy. We accept imperfect approximations every day
for problems where a truly exhaustive solution is infeasible. For example, defen-
dants are tried before a relatively small jury of their peers meant to represent
the much larger community when rendering its verdict in a trial. Elected offi-
cials are selected as representatives for some set of citizens to legislate, judge,
or execute the law as an entire community might if a vote were taken on every
issue. Because every court proceeding cannot be tried before every member of a
community and full votes cannot be taken on every issue, admittedly imperfect
but efficient solutions are tolerated. The problem then becomes how to create
these more efficient proxies in such a way as to minimize the deviation from an
optimal solution.

This work develops the idea of Sampling for Large Input Proxies (SLIP) for dif-
ferent computational tasks. Ideally such a proxy retains the structural identity
of the original input and can be used in its place for many problems. This iden-
tity can be seen in the enumeration of Problem Specific Features (PSF). In the
example of elected officials as proxies for an electorate, the PSF’s are the way in
which a community would decide different issues, and the problem can be seen

as selecting someone who maximizes the number of such issues on which he or



she would decide the same way. Different computational problems will have dif-
ferent features, of course, but the goal of SLIP should be to minimize the relative
deviation from the original input’s structure and therefore maximize agreement

on problem specific features.

1.1 SAMPLING AND PROBLEM SPECIFIC FEATURES

So how do we get such proxy for a large input? Ideally a completely unbiased
subset of the original input is selected. In the jury and elected officials examples,
though, we recognize that many systematic biases exist such as the requirement
that members of the community be registered to participate in either process.
The advantages and disadvantages of such a selection scheme are debatable,
but we may certainly hope to find a more unbiased approach to find proxies
for traditional computational inputs. SLIP relies on random sampling to produce

proxies to large computational inputs.

1.1.1 SAMPLING

Sampling is used in countless disciplines to estimate various attributes of a
population by measuring those same attributes for a small subset of elements
from the population, and estimates obtained from the samples reliably approx-
imate the true attributes when sound sampling methods are used. Intuitively,
the accuracy improves as the number of samples approaches the size of the pop-
ulation, but perhaps more importantly a surprisingly small number of samples
are required for an accurate approximation. The traditional sampling process

can be broken down into five steps [1].

1. Identify the population



2. Identify the attributes to estimate
3. Identify the sampling technique
4. Extract estimates

5. Review the sampling process

These methods are often used to estimate the features of a population where
the enumeration of the exact values for the population is either impossible or pro-
hibitively costly. With random sampling, individuals are selected without preju-
dice from the population and therefore avoid systematic errors. In computation,
such random sampling has been used in many application areas such as signal
processing, network analysis, and machine learning to reduce the number of
individuals to a much more manageable (and feasibly computable) size. Rather
than selecting a subset of individuals from a population for attribute estima-
tion, though, SLIP focuses on reducing a single, very large individual to a more
compact yet equally expressive proxy. For example, a sortable permutation is
reduced to a structurally similar yet much smaller permutation for sorting. Very
large graphs can be reduced to structurally similar yet much more compact proxy
graphs.

To accomplish this, SLIP relies on random sampling to create large input
proxies. The sampling process itself differs slightly yet fundamentally from the
traditional process in its identification of population and treatment of attributes
for extraction and estimation. While frequently the end goal of sampling is to
enumerate some features, SLIP uses random sampling to create a smaller repre-
sentation whose problem specific features remain intact. Enumeration of these
features is important for showing the sampling works as intended, but in the end
SLIP is not used to estimate features any more than jury selection is intended

to figure out the average income or age of registered voters. Rather, sampling



for large input proxies produces a representative input to be used in place of
the much larger original input. For SLIP, the population is an input such as
a sortable permutation or a directed labelled graph, and estimates of problem
specific features are only enumerated when verification of structure retention is

required.

1.1.2 PROBLEM SPECIFIC FEATURES

The goal of sampling a single large instance is to retain the structural identity
and therefore its PSF’s. Such features are defined as those properties which serve
to uniquely distinguish an instance from other inputs to a specific problem. For
example, the electorate for a rural community in the United States would almost
certainly decide at least some issues differently than the citizens in an urban
community, and we might expect their representatives to act accordingly. Sim-
ilarly, computational problems have problem specific features which serve to
identify the input. Sortable permutations have features of sortedness that pro-
vide some notion of the degree to which an input is already sorted, for instance.
The literature is rich with examples of such properties such as the number of
inversions or runs in a permutation that indicates the number of pairs of ele-
ments that are out of order. Such features are discussed in depth in chapter
3.

Problem specific features exist for other types of inputs as well. We will see
that the similarity between two graphs plays a large part in various data mining
tasks which require a distance measure between inputs, and we will address
the question of whether the proxies of two large graphs are relatively the same
distance from each other as the original inputs. Given a random sampling tech-
nique and a set of problem specific features, we will show that SLIP produces

compact proxy inputs for use in several applications.



1.2 APPLICATIONS

Very large computational inputs which require substantial or even prohibitive
space and processing provide opportunities for applications of these ideas. Two
specific areas are explored here: a pair of sorting-related problems as well as the

mining of web content represented by graphs.

1.2.1 SORTING ALGORITHM SELECTION

Sorting is a thoroughly studied problem widely considered to be solved in that
speed-up generally only comes with improved hardware rather than improved
algorithms. Several aspects of the problem, though, remain computationally
interesting if only because of their potential impact on other more computa-
tionally complex problems. Specifically, different sorting algorithms perform dif-
ferently depending on how sorted the input already is. No matter how efficient a
particular solution, it is not always the most efficient for every instance of input.
This is an example of the algorithm selection problem: given a particular input,
choose the best among several alternative solutions to solve the problem. We
would like to find the best algorithm for a problem as efficiently as possible, and
SLIP allows us to do that by creating proxies whose problem specific features
are approximately the same as the original inputs. For any application of SLIP
to a problem, though, we must identify problem specific features and a sampling
method for that problem’s inputs.

For sorting, many researchers have enumerated long lists of problem spe-
cific features that indicate how well a particular algorithm may perform on a
given instance, but more often than not such features are more costly to enu-
merate than the act of sorting itself. SLIP creates input substitutes to be used to
select the best algorithm without the costly enumeration of PSF’s for the original

input through a sampling method that preserves relative ordering in the proxies.



Experiments are conducted to compare the performance of several sorting algo-
rithms on permutations in various stages of presortedness and to enumerate
certain features of sortedness such as the number of inversions. SLIP techniques
are then used to create proxies of various sizes. With these samples, the same
set of features are enumerated, and the same algorithms are used for sorting.
The ability of the samples to estimate the features of the much larger inputs is
compared, and the relative performance of the sorting algorithms on the proxies
is compared with their performance on the original inputs.

In addition, a second similar sorting problem is analyzed. The Shell sort is a
multi-pass sorting algorithm employing an increment set which determines the
intervals over which an insertion sort is performed for an input. For each incre-

ment in the increment set, every "

element of the input is sorted as if those
elements were members of their own permutation, and these increments become
smaller and smaller until 1 is reached so that every element in the input is
sorted together. Similar to the algorithm selection problem, different increment
sets have been shown to perform differently for inputs in various stages of pre-

sortedness. SLIP is used to compare the performance of these increment sets for

large inputs and their proxies.

1.2.2 WEB CONTENT MINING

In web content mining, tasks including classification and clustering are per-
formed on web-accessible content (such as plain text, HTML, XML, and multi-
media) to label and group previously unseen inputs. In classification, a particular
input is assigned a label or labels often based on the category of similar inputs
whose categories are already known. In clustering, several inputs are grouped
into some number of categories based on some notion of their relative similarity

to each other. Note that both of these tasks depend on some notion of similarity.



In fact, for both of these tasks, this similarity (or distance) between two inputs is
exactly the problem specific feature we hope to retain when sampling for proxies.
We know the PSF'’s, but what types of inputs are we sampling?

Graphs offer a particularly rich representational power that capture the
inherent structure between pages on the web as well as the content within
the pages themselves, but graph processing can be computationally expensive
because of this same expressiveness. Other representational structures such as
feature vectors whose similarity is more quickly computed are traditionally used
for data mining tasks that require the PSF of relative input distance. Graphs
have been shown to be at least as accurate (and often much better) than these
representations in tasks such as classification and clustering [2], though, and
this can be attributed to a graph’s ability to capture more information about
an input. However, the performance of processing such graphs severely limits
its use as an efficient representational structure. Using SLIP, the input graphs
created from this content can be reduced to much smaller yet still structurally
similar proxies for use as substitute inputs both to classification and to clus-
tering problems with vastly improved performance.

Two data sets of web content of different scale are used to measure the effec-
tiveness of SLIP to create accurate large input proxies. The first includes directed
labelled graphs created from the text of twenty newsgroups, and the second
includes data gathered from the Yahoo! News service across seven broad cat-
egories with 41 subcategories of news articles. While the first data set represents
extremely large graphs (tens of thousands of nodes with many times more edges),
the second data set represents a significantly smaller (many hundreds of nodes)
amount of information. The difference in the scale in the data sets reflects the

ability of SLIP to produce proxies for a variety of inputs for different problems.



As with all applications of SLIP, the how and for what questions must be
answered. Two graph sampling methods address the how, and for what is
answered by several graph similarity metrics. Random walk sampling as well as
a new hybrid node-edge random selection technique are used to create proxies.
To measure their relative effectiveness, five different notions of graph distance
based on the maximum common subgraph, minimum common supergraph, and
a new approximation technique called the sample intersection distance are used.
Results show that SLIP produces very accurate results with significantly reduced

processing time and space requirements for classification and clustering.

1.3 ORGANIZATION

Related research in sampling in computation as well as the use of features is
surveyed in Chapter 2. In chapters 3 through 5, specific applications of SLIP
are presented. First, two sorting-related problems are studied that build on the
use of SLIP to approximate features of sortedness. Large permutations along
with their sampled proxies are used in experiments with several common sorting
algorithms as well as multiple Shell sort increment sets to show that indeed
appropriately designed sampling not only retains relevant problem specific fea-
tures but also be can used to select the most appropriate sorting algorithm or
Shell sort increment set for a given instance more efficiently.

Two data mining applications are then explored in chapters 4 and 5. In
chapter 4, a collection of twenty newsgroups is converted to a collection of graphs
based on word occurrence and proximity. These graphs and their samples are
then classified using an adapted k-nearest neighbors method. Such a method
determines an input’s label by essentially taking a vote among it's k nearest

neighbors according to some measure of similarity. A variety of graph distance



metrics and sampling schemes (including some novel techniques) are used, and
classification accuracy of the proxies is compared with that of the original inputs.

In chapter 5, graphs are created from a collection of Yahoo! News articles
covering seven general categories and 41 subcategories. The original graphs as
well as the proxies created through SLIP are then clustered using a global k-
means algorithm tailored for graphs using a variety of distance metrics and sam-
pling methods. The retention of problem specific features in the proxies of these
smaller inputs is examined, and clustering performance of the proxies compared
to the original inputs is analyzed. Results from the classification and clustering
of both data sets show that SLIP is an effective means of improving the efficiency
of web content mining without losing the expressiveness of the graph data struc-
ture. Finally, concluding thoughts and directions for future work are discussed

in chapter 6.



CHAPTER 2

SURVEY OF RELATED LITERATURE

There is a great deal of related work in applications of sampling in computation
as well as the use of input features in computation. Because of the vast related
literature in sampling in computing, we will examine only some of the more
relevant examples in application areas such as signal processing, networks, data
and information management, and machine learning. Features are also another
very general area with a great deal of related work, and again we will restrict our

focus to the more relevant examples.

2.1 SAMPLING IN COMPUTATION

Sampling is an extremely common approach to estimating an attribute of a
population through calculating the same attribute for a subset of the popula-
tion. Numerous random and non-random methods exist, but the aim of each is
to produce the most accurate approximation possible. Sampling is a common
technique in computation because when used correctly it provides very accu-
rate results with large improvements in efficiency, and it is used whenever it is
difficult or impossible to process all members of a population. In addition, an
exact answer is not always required, and an estimate of a given feature based on
sample will suffice.

The purpose of sampling can also be viewed in two different ways. In the first,

an actual attribute is estimated for the population. In the second, the goal of the

10
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sampling is to create a proxy for the population. SLIP falls into this latter cate-
gory. In order to prove its effectiveness, though, the problem specific features of
the proxies created through SLIP must be tested against the same properties for
the originals. Therefore we will survey several different uses of sampling across
several subfields of computer science including signal processing, networks, data

management, and machine learning.

2.1.1 SIGNAL PROCESSING AND ANALYSIS

In signal processing, inputs such as video and audio signals are analyzed, inter-
preted, and manipulated. Sampling is frequently used in this domain to reduce
a continuous input into discrete units, and we see applications daily in audio,
speech, and video processing. Nyquist and Shannon introduce the foundation of
signal sampling [3, 4]. Essentially continuous signals of a given bandwidth may
be perfectly reconstructed if the sampling frequency is at least twice the signal
bandwidth. Effects such as aliasing are caused by undersampling or poor recon-
struction of the image from the sample. Signal sampling attempts to convert one
type of signal (continuous) into a discrete structure. There are several texts and
journals providing in-depth coverage of signal processing and analysis including

[5, 6].

2.1.2 NETWORKS

Network data comes in many forms. Each layer of the common network stack has
an associated information unit [7]. For example, at the network level, it may be
the packet while at the application layer it may be discrete chunks of context or
application-specific data. In addition, the network topology itself can be seen as
the data. The latter example of network data has become increasingly important

as the size of networks continues to grow.
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Sampling techniques are actually used at multiple network layers to handle
the overwhelming volume of data and sizes of networks. Patterns in packet traffic
are often analyzed for various types of malicious activity such as denial of ser-
vice attacks, intrusion detection, and network flow distributions [8, 9, 10, 11].
In such cases, randomly chosen packets are chosen for analysis because the
population of packets is simply too large. At the application layer, sampling is
used to select a subset of individual emails or web pages on which to conduct
analysis for things such as SPAM detection or other information mining tasks.
This particular area can also be classified as web content, and related work in
this domain is discussed later in chapters 4 and 5.

The layout and evolution of network topologies have also been analyzed using
sampling techniques. With very large, dynamic networks, there is a natural map-
ping of ideas with graph data structures, and this has been exploited. In [12],
the use of random walks in peer-to-peer (P2P) networks are explored for routing
and mapping. Cooper et al. use random sampling of regular graphs to model net-
works [13]. Krishnamurthy and others explore sampling techniques to reduce the
size of network topologies including the Internet for faster simulations [14, 15].
In network routing, the performance of distributed hash tables benefits from
random sampling [16]. Other work has focused on using sampling to visualize
large networks [17]. The use of sampling in more general network problems such
as cut, flow, and design issues are explored in [18]. Much of this work and other
uses of sampling in processing and analyzing networks is closely related to the

application of SLIP to web content mining.

2.1.3 DATA AND INFORMATION MANAGEMENT

In data and information management, we see a wide array of sampling applica-

tions as the size of data pushes the limits of reasonable computation times and
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storage limits. For web-accessible data, Bar-Yossef uses sampling to estimate
very accurately the coverage of a search engine’s index without having to search
exhaustively [19]. In [20], sampling is used for aggregate queries on large data
sets using random walks. For streaming data, sampling has been used effectively
and efficiently to monitor properties of the stream through sampling [21].

More traditional relational database tasks have also benefitted from sampling
techniques. Chaudhuri et al. explore the difficulties of using sampling with join
trees and develop a more efficient way to use sampling to speed up such opera-
tions while Naughton and Seshadri use estimates of the size of various relational
operators such as projection to improve performance [22, 23]. Other uses of
random sampling in relational databases are explored in [24, 25]. Sampling has
also been used in spatial databases to improve performance of retrieval [26].
Seshadri et al. explore sampling issues in parallel database systems [27].

Several data mining tasks take advantage of the ability of sampling to approx-
imate a search space. Brin and Page use sampling to explore otherwise pro-
hibitively large search spaces of rule sets [28]. Schutze and Silverstein explore
projections for more efficient document clustering [29]. Other applications in
data mining can also be considered machine learning, and they are covered in

section 2.1.4.

2.1.4 MACHINE LEARNING AND EVOLUTIONARY COMPUTATION

Machine learning and evolutionary computation are other areas where sampling
is used. Many of the inputs to problems in these areas contain a large number
of individuals on which to train and test processes, and sampling provides a way
not only to reduce training and testing times but also a way to turn a limited

number of examples into training and testing sets. Bootstrapping processes also
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rely on sampling to initially seed groups with individuals. In fact, many evolu-
tionary computing tasks begin with randomly chosen individuals from which to
evolve a more optimal solution.

In addition to reducing the number of individuals to a more manageable size,
various sampling methods are also used to reduce the number of features of an
individual. Here features can mean something different than the problem specific
features of SLIP. For example, in some machine learning tasks, an individual
may have many characteristics (features) all of which may or may not have some
bearing on the learning task. Sampling can be used to select a subset or many

subsets of these features in order to find out which such subset is optimal.

2.1.5 GRAPHS

There has been a variety of work in graph sampling in just as many application
areas. While some remain at least in part theoretic [18, 30], other work using
graphs based on real data has been done [30, 31]. Bar-Yossef et al. accurately
estimate the true coverage of a search engine’s index through sampling tech-
niques [19], and Stutzbach et al. use sampling on dynamic graph data which
changes over time. As mentioned previously, networks lend themselves well to
the graph structure, and some applications of graph sampling appear in peer-
to-peer network research [13]. Leskovec et al. have shown a variety of sam-
pling techniques do indeed preserve several graph theoretic features such as
in-degree distribution, out-degree distribution, sizes of weakly and strongly con-
nected components, hop-plots, and others [30]. Random walks are a common
method to explore (and sample) large graphs, and there have been a variety of

applications as well as explorations of optimal parameters to these walks [32, 30]
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2.2 INPUT FEATURES

As described in the introduction, features of an input can differentiate one
instance from another. Like fingerprints, they are what can make a particular
input unique for some problem. In computation, the term feature can mean
many things. In this work, a feature refers to a problem specific property of an
input that differentiates it from other inputs with respect to some problem. We
survey various notions of features for the types of inputs for the problems we
consider in applications of SLIP. It is important to note that the independence
of some input feature from a problem does not imply that the feature does not
have an impact on the performance of solutions to that problem.

Feature extraction commonly involves machine learning techniques for doc-
ument, image, or other complex resource processing. For documents, words are
analyzed to construct feature vectors that provide a means to compare docu-
ments for similarities. For more complex document processing, Brin introduces
the idea of sampling to explore the solution space for rule sets in order to avoid
an otherwise prohibitively costly search [28]. Feature extraction in image pro-
cessing is similar in that it is more specific than a general framework for inputs
to a given computational problem. Other work has focused on approximating
features in a specific domain as well. Srivastava and others approximate the
properties of queries (in particular, the maximum distance between inversions)
by using windows in a data stream and extrapolation using a probability distri-
bution [21]. Here we consider features related to the problems discussed in the

later chapters.

2.2.1 FEATURES OF SORTABLE INPUTS

The types of computational inputs are endless. They can include but are cer-

tainly not limited to a single number, a string of characters, a long permuta-



16

tion of some set of numbers or strings, trees, graphs, and large corpora of text.
Each such structure has its own features independent of any problem defini-
tion. For example, a number can have a magnitude, a string can have a length,
and graphs have densities and edge probabilities. For the sorting problem, the
inputs are sets of orderable keys where the keys may represent numbers, strings,
or anything else with some notion of order attached to it. There has been a great
deal of work in features of sortedness [33, 34, 35, 36, 37, 38]. This work helps
to define notions that characterize how sorted a permutation already is. Such
measures as the number of inversions, number of sorted subsequences, and the
maximum distance between an element and its sorted position are defined in

detail in chapter 3.

2.2.2 GRAPH FEATURES

There are virtually countless features of graphs, especially when application
or domain specific features are considered. While this work will focus on the
problem specific features that help to distinguish one graph from another in the
form of distance or similarity measures, other features of graphs range from the
relatively simple to the much more complex. For example, graph density and
edge probability help to identify a graph, and they can play a role in the perfor-
mance of algorithms for problems such as Minimum Spanning Tree. Other fea-
tures such as the number of weakly connected components, strongly connected
components, and cliques of different sizes become increasingly more difficult to
compute, but these features can also serve to identify an input as unique or at
least as belonging to a type of graph.

The graph classification and clustering problems depend on a particular PSF
that provides some notion of graph similarity or distance. That is, given two

graphs, how similar (or different) are they? Related work in string and tree
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matching [39, 40] has been extended to graphs and other types of inputs such
as point sets [41, 42]. Several approaches to graph distance have been devel-
oped, and many of these are discussed in more detail in Chapter 4. Hierarchical
discrete relaxation and graph matching are discussed in [43, 44] while [45] pro-
vides an overview of many graph similarity techniques. Graph intersections and
maximum common subgraphs are discussed in [46, 47] while graph unions and
the minimum common supergraph are covered in work such as [48, 49, 50].
General approaches to distinguishing features of graphs for data mining are also

discussed in [51, 30].

2.3 RELATIONSHIP WITH THIS WORK

Much of this work is related to SLIP and its applications through either its use of
sampling or its use of similar inputs, but little previous work is directly related
to both notions that are central to SLIP. Sampling for Large Input Proxies rep-
resents a new approach to improving solutions to problems such as algorithm
selection and data mining. Related work to these specific problems are discussed
in Chapters 3 , 4, and 5. We will see that SLIP does indeed allow for improved

computational efficiency through sampling for large input proxies.



CHAPTER 3

SORTING ALGORITHM SELECTION

3.1 INTRODUCTION

For a given problem, there often exist several alternative solutions which per-
form differently depending on characteristics of the input. For example, various
sorting algorithms to order some set of permuted keys will perform differently
depending on how ordered such an input already is. Such problem specific fea-
tures (PSF) of computational inputs can uniquely identify an input with respect
to a problem, and these features are often what determine which particular algo-
rithm from many alternatives will most efficiently solve the problem for a given
input. In such cases, if the relationship between PSF’s and efficiency of various
solutions is known, the best algorithm can be selected for that input.

This chapter proposes an efficient solution for two sorting-related problems
using sampling for large input proxies (SLIP) — sorting algorithm selection and
Shell sort increment set selection. We will define several PSF’s for these sorting
problems, and we show that not only do proxies of large inputs retain the features
of the original inputs but that these proxies can be used to find more efficiently
the best algorithm or increment set for a given input. Methods to select such
proxies for and to estimate problem specific features of the sorting problem are
introduced. PSF’s for both the original inputs and their proxies are analyzed,
and SLIP proxies are used as more compact but similarly expressive substitute

inputs to both sorting problems.

18
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3.1.1 THE SORTING PROBLEM

Sorting is one of the most thoroughly researched problems in computer science.
Given an input of N items each with key K, sorting involves finding the permu-
tation p(1),p(2),p(3),...,p(N) of this collection such that the keys of all elements
are in non-decreasing order (K,1) < Kp9 < ... < Kyu)) [38]. Over the years,
researchers have proposed a large number of algorithms and their variations
to solve this problem in the most time and space efficient manner. Knuth dis-
cusses over twenty of them in his The Art of Computer Programming [38], and
most of these algorithms fall into one or more of the following classes: insertion
sort, exchange sort, selection sort, enumeration sort, or a special purpose sort.
Every sorting algorithm has its advantages and disadvantages with respect to
ease of implementation as well as time and space efficiency. Some well known
comparison-based efficient algorithms include quick sort, heap sort, Shell sort,
and merge sort. The performance of these algorithms for a particular input often

depends on the PSF’s known as features of sortedness.

3.1.2 PROBLEM SPECIFIC FEATURES FOR SORTING AND SLIP

If inputs may be identified in terms of their problem specific features, then
these features are useful in several applications such as the algorithm selec-
tion problem. For sorting, a permutation of orderable keys has several features
of sortedness defined in the literature [38, 36] where sortedness refers to how
ordered a permutation already is. For example, the number of inversions in a

permutation is equal to the number of pairs of elements at i and j in a permu-

h h

tation where the ' element is ordered after the ;" element but : < j. In the
sequence (2,5,4,3), there are 3 inversions - (5,4),(5,3), and (4,3).
Problem specific features can help close the gap between problem complexity

and algorithm efficiency, but enumerating the features is often at least as costly
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as solving the problem itself. For example, calculating the number of inversions
in a permutation can be calculated in Nlg/N time where N is the number of
orderable keys of the input while the sorting problem itself is also Nlg N !. In
these cases, an accurate estimate of such features can be useful. In addition,
an exact enumeration of input properties is frequently unnecessary. That is, an
approximation of the problem specific features provides accurate enough infor-
mation to make a decision.

Part of the focus of this chapter is the enumeration of PSF’s for proxies of
large inputs to compare their relative accuracy to the PSF’s of the original inputs.
Given an input of some orderable keys, a model for restricted sampling is out-
lined such that input proxies retain the original input’s features of sortedness.
It is critical of course that any such sampling method used in any SLIP process
maintain the structure of the original input so as to preserve the problem spe-
cific features as well. For example, when sampling a permutation to be sorted,
the relative order of the keys should be maintained in the sample. That is, if some
element i comes before element j in the original input, that ordering should be
maintained in any proxy created through SLIP. In other words, if the sampling
method simply picks 10% of the keys in random order for insertion into the
proxy, the proxy may likely bear little resemblance to the original input with
respect to the features of sortedness. The sampling process is explained in more

detail in section 3.2.2.

3.1.3 SORTING ALGORITHM SELECTION AND SHELL SORT INCREMENT SETS

The second focus of this chapter is the use of SLIP to select the best algorithm
for sorting as well as the best increment set among many for the Shell sort. The

sorting problem has been shown to be of N lg N complexity (for comparison-based

g refers to log, throughout this work while log refers to logyo.
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sorting), but actual algorithm performance often deviates from this in the best
and worst case due to various features of the input. For example, quick sort has
an average performance of Nlg N, but the run time can degrade to N? given par-
ticular permutations with certain characteristics. Insertion sort can run in linear
time for an already sorted input, but its runtime also degrades to N? when an
input is in reverse order. Often times an algorithm A which outperforms some
other algorithm B on a certain kind of data can be outperformed by algorithm B
on different data. The notion of having multiple algorithms that perform differ-
ently depending on the problem input leads to what is known as the algorithm

selection problem [52].

Quick and Shell on Inputs
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Figure 3.1: A comparison of Quick and Shell sorts on different types of inputs.
The performance of Shell sort severely degrades when more than 1,000 random
element exchanges are performed.

For many such problems, it is common to simply select an algorithm which
generally solves the problem most efficiently. For sorting, quick sort often per-
forms best in the average case so it is used for all cases. Of course, we would
ideally like to select specifically the most appropriate algorithm for each instance

of the problem. For example, in Figure 3.1, we see that one version of a Shell
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sort outperforms a particular implementation of the quick sort in some cases,
but it is drastically worse in other cases (such as when the input is in reverse
order). Ideally we would also like to select the best solution without adding pro-
hibitive amounts of computation to the process. We will explore the use of SLIP
and PSF'’s for the sorting algorithm selection problem through experiments fea-
turing several sorting algorithms including quick sort, merge sort, heap sort, and
Shell sort. PSF’s are compared, and the samples are used to determine the best
algorithm for sorting the original input.

A related sorting problem involves the Shell sort. This particular sorting algo-
rithm relies on a set of increments to perform a multi-pass insertion sort, and
its performance varies widely depending on the values of the increments. Sev-
eral well-known increment sets including Knuth, Sedgewick, Gonnett and Shell
(defined in Section 3.4) are used to sort both inputs and their proxies created
through SLIP. The PSF’s are compared, and SLIP’s ability to create proxies which

predict the best increment set is analyzed.

3.1.4 ORGANIZATION

The rest of the chapter is organized as follows. Section 3.2 presents motiva-
tion and experimental results for sortedness feature approximation. Section 3.3
describes an application where input proxies are used to select the best sorting
algorithm for a given input, and section 3.4 describes similar results comparing
the performance of different increment sets for the Shell sort using sampling.

Conclusions are discussed in section 3.5.

3.2 APPROXIMATING FEATURES OF SORTEDNESS USING SLIP

The problem specific features we wish to preserve with SLIP for the sorting

problem are known more broadly as features of sortedness. There has been a
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great deal of work in identifying these features [38, 35, 36, 34, 53, 33], and much
of this chapter concentrates on enumerating and approximating these PSF’s of
sorting inputs. A set of eleven well-researched features are discussed in [35] as
an extension of some of the material presented in much of the sorting litera-
ture [38, 33]. With respect to certain features of sortedness, certain algorithms
are adaptively optimal in that they may perform the fewest possible compar-
isons within a constant factor given a particular feature or set of features [35].
Because these problem specific features lie at the heart of why certain algo-
rithms outperform others in certain problem instances, a user can identify the
most appropriate sorting algorithm if he or she knows the features of the input.
This information is rarely known, though, and each sortedness feature requires
at least linear and often polynomial time to enumerate explicitly. Thus extraction
of the features of sortedness can actually be more costly than the sorting process

itself.

3.2.1 FEATURES OF SORTEDNESS (OR PROBLEM SPECIFIC FEATURES OF SORTING)

Several attempts such as machine learning approaches [37] and adaptive sorting
techniques [35] have attempted to sort faster by taking advantage of input fea-
tures such as the number of inversions, number of sorted subsequences, and
other input characteristics. Results often provide a way to assess an algorithm’s
optimality with respect to certain measures of sortedness, but these require fore-
knowledge of each instance or calculation of such properties on the fly. Other
research has focused on refining certain algorithms such as the Shell sort. It
is not entirely clear what causes certain increment sets to perform differently
for different types of inputs for this algorithm, but Sedgewick and others con-
tinue to search for optimal sets of increments and to provide tighter bounds on

the efficiency of the sorting algorithm [53]. If we can approximate these features
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more efficiently, though, we can show that the proxies can be used in the sorting
algorithm selection problem.

We will see that SLIP indeed produces proxies of sorting inputs that retain
these features of sortedness, and these proxies can be used to identify the PSF’s
of the input in a much more efficient manner. To show this, we sample large per-
mutations ranging from sorted to nearly sorted to random that contain a range
of features of sortedness such as number of inversions, the greatest distance
between two inversions, the maximum distance that an element must travel to
its position in the sorted permutation, and the number of runs (defined below).
These particular features are considered representative of the different notions
of how sorted an input already is, and they are chosen here for that reason.
Many other measures exist, but they mainly consist of incremental adaptations
of these more fundamental notions of sortedness.

The number of inversions is defined as the total number of pairs of elements
which are out of order. For an input of size n, the maximum number of inversions

is

n—1

. n(n—1)
12—7 (3.1)

2

The largest distance between any pair of inverted elements is defined as the
maximum inversion distance, and it is bounded by the size of the input. The
maximum distance an element must travel refers to the distance an element
must be shifted before it is in its ordered place. This differs from maximum
inversion distance because the pairs considered are not all inverted element pairs
but rather the pair of starting and final element positions. This measure is also
bounded by the size of the input. Finally, the number of runs in a permutation
is the number of ordered subsequences contained in the permutation. In the

worst case, a reverse-ordered permutation of size N has N runs while an already
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ordered permutation has 1 run. Using these PSF’s, sorting input proxies are
analyzed for the same features as the original input relative to size. Table 3.1
contains data for four different types of permutations and thirty samples taken

from each, and it is discussed in detail in section 3.2.4.

3.2.2 SAMPLING PROCEDURES

Inputs are defined as a set of orderable keys, and our samples will consist of an
order-preserved subset of these keys. These keys can represent anything such
as numbers, strings, or more complicated objects, of course, but these experi-
ments use permutations of integers. Here “order-preserved” means that if some
element i comes before some element j in the original input, such an ordering is
also guaranteed in any proxy created with SLIP. We define the attributes to be
approximated as the problem specific features defined in the previous section.
This is, of course, a relatively simple scheme, but the sampling technique itself
contains the most crucial part for feature retention and approximation. In-order
random sampling without replacement is used in order to avoid introducing new
relationships between elements that do not exist between them in the popula-
tion. Because we are measuring PSF’s, it is critical to maintain the structure of
the specific input instance in samples without introducing new information or

relationships.

In-order Sampling

Figure 3.2: Example of in-order sampling method for a permutation.
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The random sampling is "restricted” in the sense that the relative ordering of
the input is not disrupted. For sorting, this order is fundamental to most notions
of sortedness. Similarly for any applications of SLIP, the random sampling should
not introduce new features to the problem. For example, for a 50% sample, we
simply take a random element from every two elements. In figure 3.2, we can
see how the four elements (1,4, 5,8) are sampled from the input (1,2,4,3,5,6,7,38)
while their relative order is maintained. If an element k; comes before element k;
in the input, the elements retain the same relative order in the sample. This nec-
essary restriction produces a proxy that resembles the input itself with respect
to features of sortedness. Equations 3.2, 3.3, and 3.4 show the number of pos-
sible proxies with and without replacement as well as the possible number of
proxies under the SLIP scheme. For all, r is the sample rate while n represents
the number of elements in the input. The number of potential proxies for sam-
pling with replacement is shown in equation 3.2, the number of potential proxies
for sampling without replacement is shown in equation 3.3, and the number of
proxies possible under the order-preserving sampling scheme of SLIP is shown

in equation 3.4

N’ (3.2)
( " ) (3.3)
ren
n rmn
() (3-4)

For the sorting problem, it is crucial that any sampling method maintain
the relative order of these elements to preserve problem specific features such as
number of inversions and runs. Thus only a fraction of the possible permutations

of subsets of a required size are available for selection as proxy. Selecting an r
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and thus a sample size is only approached experimentally here. A theoretical
analysis of optimal sample sizes for different types of inputs of different sizes
and characteristics is beyond the scope of these chapters, but for each type of
data several sample rates are used to show at least experimentally the tradeoff

between efficiency and accuracy.

3.2.3 EXPERIMENTS

For the feature approximation experiments, each input begins as a perfectly
sorted list of numbers between 1 and 100,000. We will use larger inputs in the
algorithm selection experiments, but because some of these features are very
costly to calculate, we use smaller permutations here. Once these sorted lists are
created, we perturb them in two ways. First a predetermined number of runs is
created by moving subsequences around so that 1, 2, 4, and 8 runs result. From
these four input types, some number of exchanges (between 10 and 10,000) of
random elements are performed. That is, for each possible number of runs, 10°
random {lips are made where i ranges from 1 to 4. By varying the number of runs
and the number of random flips, a variety of inputs ranging over the notions of
sortedness are created. For these feature approximation experiments, the SLIP
process uses sample rates of 1, 5, and 10% in order to get an accurate picture
of the tradeoff between accuracy in retention and the efficiency in sampling and

extraction.

3.2.4 RESULTS

Table 3.1 presents a summary of the empirical data for inputs with one run and
a variety of random {flips. Details of a specific example are provided, but first the
general results are described. The numbers represent averages of 30 samples

drawn from different inputs. The data show that the proxies accurately retain
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the measures of sortedness from the original inputs. As expected, as the sample
size grows, the feature approximation becomes even more accurate. Likewise, as
the permutation goes from nearly sorted to 10,000 random perturbations, the
features become more and more similar between the input and samples. These
reductions in variation for both larger samples and more randomized input are
intuitively rooted in the idea that deviations from sortedness are more likely to
show up when either more of the input is sampled or there are more perturba-
tions from which to pick.

In the tests for a nearly sorted collection of 100,000 elements (with only 10
randomly flipped elements), the features measured are more skewed because it
is likely few if any of the randomly flipped elements show up in the sample. This
would of course make the sample completely sorted. There is more deviation in
the measures for the smaller samples, but this is expected. Rates relative to the
size of the input are also listed in the table because these sortedness features
are measured with respect to the size of the input (or sample). Overall, for each
permutation and set of sortedness features, the features of the samples become
a more and more accurate reflection of the input’s features as the sample size
Srows.

Because each feature is measured with respect to the size of the input (or
sample size in the case of the samples), a relative measurement of the esti-
mates provides a better picture of how well various sample sizes perform for
different features. For the last three features of sortedness we measure, the
rates in the figure present a more accurate indicator of the similarity between
the samples and the input because these measures are relative to the size of
the list sorted (100,000 for the input but different sizes for the various samples).
For the number of inversions, the rate is also a meaningful measure. Because

the number of inversions can actually be quadratic of the input size, though,



Changes Size # Inversion Max Dist Max Trvl Final # Runs Inv Rate Dist Rate Trvl Rate Run Rate
10 100000 762002 94192 87858 20| 7.62 0.94 0.88 0
1000 86.533 79.867 79.867 0.267 0.087 0.080 0.080 0.000
(std dev) 176.816 162.982 162.982 0.521| 0.177 0.163 0.163 0.001
5000 1691.633 1559.233 1559.233 0.867 0.338 0.312 0.312 0.000
(std dev) 1625.978 1554.877 1554.877 0.819 0.325 0.311 0.311 0.000]
10000 8234.567 4551.167 4467.833 2.233] 0.823 0.455 0.447 0.000
(std dev) 6931.570 2772.530 2707.316 1.524 0.693 0.277 0.271 0.000]
100 100000 6132214 97762 84560 199 61.322 0.978 0.846 0.002]
1000 626.767 364.733 357.600 1.867 0.627 0.365 0.358 0.002
(std dev) 584.912 269.665 264.275 1.432 0.585 0.270 0.264 0.001|
5000 13724.633 3654.233 3263.700 8.800 2.745 0.731 0.653 0.002]
(std dev) 5173.969 771.579 719.648 3.178] 1.035 0.154 0.144 0.001|
10000 63597.600 8369.833 7641.767 19.933 6.360 0.837 0.764 0.002
(std dev) 14333.335 905.874 843.215 3.750] 1.433 0.091 0.084 0.000]
1000 100000 66726712 99644 95658 1963 667.267 0.996 0.957 0.020
1000 7333.600 891.233 823.400 19.767 7.334 0.891 0.823 0.020
(std dev) 2312.302 76.130 91.200 4.408] 2312 0.076 0.091 0.004
5000 169803.367 4877.533 4471.400 100.067 33.961 0.976 0.894 0.020
(std dev) 17490.349 84.557 210.473 8.851 3.498 0.017 0.042 0.002]
10000 666638.867 9857.467 9216.567 196.467 66.664 0.986 0.922 0.020
(std dev) 45244.563 65.241 304.339 13.093 4.524 0.007 0.030 0.001|
10000 100000 572251590 99987 99727 16442| 5722.516 1.000 0.997 0.164
1000 58784.733 986.467 935.600 168.233 58.785 0.986 0.936 0.168]
(std dev) 4013.646 8.966 28.686 9.744, 4.014 0.009 0.029 0.010
5000 1431734.867 4983.533 4816.333 818.800 286.347 0.997 0.963 0.164
(std dev) 48904.094 11.907 84.899 22.813 9.781 0.002 0.017 0.005]
10000 5804830.200 9987.633 9809.267 1663.367| 580.483 0.999 0.981 0.166
(std dev) 133782.807 8.401 130.002 28.026) 13.378 0.001 0.013 0.003]
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Table 3.1: Comparison of Sortedness Features for Inputs and Samples. Each
block represents an input with 10’ random perturbations as well as the averages
of 30 proxies of size 1, 5, and 10%. For the inputs and proxies, the features of
sortedness are compared both in the absolute and in the relative rates. Because
all but the number of inversions is bounded by the size of the input (or proxy), the
rates provide standardized measures. For inversions, though, the figures must
still be scaled by a factor of the sample rate for a more standardized comparison.
We see that as expected larger proxies provide more accurate approximations,
but even very small proxies with respect to the size of the input provide accurate
notions of the features of sortedness



30

the rates should be scaled to the same size in order to reflect the relationship
between the sample and the input accurately. Progressing through the data from
nearly sorted (10 changes) to random (10,000 changes), we see how each feature
is more closely approximated by all sample sizes. In addition, we can also see
how in general the progressively larger samples also more closely estimate the
measured properties.

An example will help make sense of the numbers, but we need to understand
how to compare the number of inversions for different sizes of permutations.
Because inversions are quadratic with respect to the size of the input (that is, a
sequence with 10 times as many elements can have approximately 100 times as
many inversions), the proxies’ inversions must be multiplied by the square of the
sampling factor (10? for a 10% sample, 100 for a 1% sample). Other properties
such as the maximum distance between inversions are linear with respect to the
size of the permutation so that no additional scaling is required.

Two types of numbers from the sample data are compared in Table 3.1: intra-
permutation where numbers from different sample rates of the same permuta-
tion are compared and inter-permutation where numbers from the same sample
rate but from different permutation types are compared. For the former, the
number of inversions for the 1 and 10% samples for the 1,000 perturbation
input provides a good example. The original input has 66,726,712 inversions.
The average number of inversions for the smaller sample size is 7,333.6 while
the larger sample averages 666,638.9 inversions (73,336,000 and 66,663,890
scaled to the same size as the original input). Both of these numbers provide
an accurate estimate of the number of inversions expected in the original input
(and the average of the larger sample proves to be very accurate). In addition,
the variation with the sample set is more stable in the larger sample. If scaled

to input size, the standard deviations of 2,312.3 and 45,244.6 show us that any
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given sample with a 10% sample rate is more likely to be closer to the mean than
a sample with a smaller sample rate.

The number of inversions for the 5% samples of the 10-flip and 1,000-flip
inputs provides an illustrative example for inter-permutation comparisons.
For each input, there are 762,002 and 66,726,712 inversions respectively. For
the nearly sorted input, the 5% sample averages 1,691.6 (a scaled value of
676,653.2) inversions while the random permutation averages 169,803.4 inver-
sions (scaled value of 67,921,346.8). Both 5% samples provide good estimates
for the number of actual inversions in their respective original inputs, but the
sample for the more random permutation is most accurate. The variance within
the sample set measures the accuracy in a different way. The scaled stan-
dard deviations for the nearly sorted input (650,391.2) and for the 1,000-flip
(6,996,196) show that variation from the expected case for any given sample is
much larger in the 10-flip input. Both of these inter-permutation comparisons
reveal a common characteristic about sortedness features and sampling: the
more sorted an input is, the more deviation there will be in the estimate for that
feature from original to proxy.

Both the specific numbers as well as the general trends in the sorting feature
experiments reveal two facts. First, as expected, larger samples do a better job
of approximating the problem specific features of the inputs, but even small
samples can be very accurate in their estimates. This of course makes sense
when carried to the extreme of larger and larger sample rates that eventually end
with 100% sampling. Second, samples more accurately estimate features of the
input when there is more disorder in the input. That is, the more perturbations
from sorted, the more likely these deviations will show up in a given sample. For
example, a 5% sample of a list that is perfectly sorted except for one element has

only a 1 in 20 chance of detecting that single out of order element.
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In these experiments we see that SLIP can be used effectively to create proxies
for inputs of the sorting problem to estimate the features of sortedness. These
PSF’s can of course be enumerated to get an estimate of the original input’s
features without fully calculating them for the full input, but there is an even
more powerful use. Because the features are implicit in the structure, these
proxies can be used for a variety of problems related to sorting including the

algorithm and Shell sort increment set selection problems.

3.3 SORTING ALGORITHM SELECTION

If features of sortedness are retained in significantly smaller samples of inputs
to the sorting problems, then the samples may be used wherever these features
are considered useful. One such application is the sorting algorithm selection
problem. The algorithm selection problem generally involves picking the most
efficient algorithm among many for a particular instance of a problem [52]. The
sorting algorithm selection problem more specifically requires selecting the best

sorting algorithm given a particular input.

3.3.1 SORTING ALGORITHMS

The four sorting algorithms analyzed here are quick sort (@S), merge sort (MS),
Shell sort (SS), and heap sort (HS). The efficiency of each algorithm is well-
studied [38, 53], and each has its own relationship with respect to the presort-
edness of its input. For example, the insertion sort algorithm is optimal with
respect to the number of inversions. That is, if there are no inversions, then
insertion sort runs in linear time. As we have seen, however, calculating many
features of sortedness such as the number of inversions takes more time than

sorting. For these experiments, each algorithm is run on various inputs of size
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5,000,000 as well as samples of size 5, 10, and 25% taken from these inputs.

For each, the runtime measured in milliseconds is recorded and compared.

3.3.2 PERFORMANCE ON ORIGINAL INPUTS

The sorting algorithms perform as expected on the various inputs. For the
already sorted and almost-sorted (only 10 random element swaps), we see that
the Shell sort is the most efficient. Because it is based on the insertion sort,
we would expect it to perform well in such cases. The other algorithms follow
suit — quick sort is fastest for more random permutations, and merge sort and
heap sort are steady across all degrees of sortedness. We notice that as the
permutation becomes more random, the Shell sort starts to fall behind quick

sort and eventually even merge sort in efficiency.

Rdm Flips QS MS SS HS
0 8011 8757 3696 13198
10 7653 8988 4890 13232
100 7179 9374 6107 13194
1000 8124 9696 7947 13168
10000 7622 9906 11101 13227

Table 3.2: Performance Summary for Sorting Algorithms

In Table 3.2, we see the evolution of the performance rankings as the per-
mutations become more random. These results reflect what is known about the
relative performance of these well-researched sorting algorithms. The relative
rankings of the sorting algorithms for each degree of sortedness will form the
basis for comparison of the proxies’ performances.

In Figure 3.3.2, the performance of the four sorting algorithms is compared
over a variety of number of runs and number of random perturbations. As the

number of perturbations and runs grows, we see that Shell sort goes from the
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Sorting Algorithm Performance
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Figure 3.3: A comparison of sorting algorithm performance with 5,000,000 ele-
ments. For each type of input (1, 2, 4, or 8 runs), Shell sort degrades in per-
formance from best to worst. The other algorithms remain fairly steady across
all ranges of sortedness with some slight decrease in performance as the input
becomes random.
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most efficient to the least efficient while quick sort remains consistent in per-
formance to rise to the top. Heap and merge sorts are also consistent in perfor-
mance, and their rankings change little except when Shell sort begins to degrade

in performance as the inputs become more random.

3.3.3 PERFORMANCE ON SAMPLES

Rdm Flips QS MS SS HS
(Orig) 0 8011 8757 3696 13198
(Sample) 287.9 339.63 143.7 515.83
10 7653 8988 4890 13232
289.57 340.8 142.5 520.3
100 7179 9374 6107 13194

288.8 348 165.57 519.6
1000 8124 9696 7947 13168
283.57 363.1 206.53 518.8
10000 7622 9906 11101 13227
288.93 378.77 283.47 513.9

Table 3.3: Original versus Sample Sorting Performance. 5,000,000 elements, one
run. As the inputs become more random, we see that the quicksort and shellsort
begin to swap place as the most efficient. The emphasized times show the areas
where for inputs with one original run, the proxy is a bit deceptive with respect
to the actual performance of the shellsort.

Running the same sorting algorithms against samples of 5, 10, and 25%, we
see that the performance of an algorithm of a much smaller sample is an excel-
lent indicator of efficiency on the original input. In Figure 3.3, the performance
numbers are compared for each algorithm on the original input and on a proxy
of 250,000 elements (5%). In most every case, the performance ranking on the
sample predicts the ranking on the original input. In a few cases, however, we
see that Shell sort and quick sort are extremely close in performance. In these
cases, the sample time for Shell sort is often less at least in part because of the

performance improvements gained for smaller inputs.
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Sorting Performance on 5% Samples
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Figure 3.4: A comparison of quick sort, merge sort, Shell sort, and heap sort on
permutations of size 5,000,000 with 1, 2, 4, and 8 runs at a 5% sample rate.
The same pattern as in Figure 3.3.2 emerges. That is, Shell sort degrades as
the various inputs become less and less sorted. The other relative rankings are
similar as well as we see quick sort become the best performer while heap sort
remains the worst performer.
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In Figures 3.4, 3.5, and 3.6, we see the performance of each sorting algorithm
across all ranges of problem specific features for different input proxy sizes. They
reveal the ability of SLIP to produce proxies for sorting inputs whose performance
reflects that of the original inputs. The larger proxies more accurately approxi-
mate the original inputs, but even the small samples of 5% do an excellent job of

mimicking the originals.

Sorting Performance on 10% Samples

Time (ms)

><""
1200 a

Num runs

Figure 3.5: A comparison of quick sort, merge sort, Shell sort, and heap sort on
permutations of size 5,000,000 with 1, 2, 4, and 8 runs at a 10% sample rate
The performance of the algorithms match even more closely to the performance
on the original inputs as shown in Figure 3.3.2 with the larger proxy size.

We will examine a subset of these experiments to see more precisely that
the patterns that these proxies do indeed do an accurate job of predicting algo-

rithmic performance on the larger inputs. In figures 3.7, 3.8, and 3.9, we see
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Sorting Performance on 25% Samples
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Figure 3.6: A comparison of quick sort, merge sort, Shell sort, and heap sort on
permutations of size 5,000,000 with 1, 2, 4, and 8 runs at a 25% sample rate.
Again, we see that the larger proxies more accurately reflect the performance of
the algorithms on the original inputs.
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performance of the different algorithms with proxies of different sample rates
with one run inputs. The same patterns from the performance of the original
inputs emerged — Shell sort is the most efficient when the inputs are sorted (or
nearly sorted), but its performance degrades as inputs become more random.
Other algorithms perform consistently across different inputs, but their relative
rankings change. We also see that larger samples provide a more accurate reflec-

tion of the changes in these rankings for the original inputs.
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Figure 3.7: A comparison of performance on one run permutations at 5% sample
rate.

In most cases, performance of a sorting algorithm on an in-order sample of a
permutation proves to be an excellent indicator of sorting performance on the
original input. For nearly sorted inputs, those algorithms which are optimal
with respect to the number of inversions such as the Shell sort remain optimal
because the sample reflects the structure of the input. That is, there are approx-

imately the same number of inversions with respect to the size of the input. As
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Figure 3.8: A comparison of performance on one run permutations at 10%

sample rate.
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the permutations grow more random, algorithms whose performance is not as
strictly tied to particular aggregate features begin to outperform those algorithms
more sensitive to them. This is also reflected in the performance on samples as

the structure is maintained.

3.4 SELECTING A SHELL SORT INCREMENT SET

Shell sort is a family of sorting algorithms where the performance of different
implementations depends almost exclusively on the selection of the increment set
[38, 53]. The Shell sort acts as a multi-pass insertion sort where at the i'" pass,
elements in the input which are incrementSet[i] distance apart are sorted. The
final increment is 1, and so the final pass is a full insertion sort that compares
all neighbors.

Much of the research has focused on finding an optimal increment set [53],
but we use five increment sets that have different known efficiencies to test
in a head-to-head comparison of performance. These include Shell, Knuth,
Sedgewick, Hibbard, and Gonnet. The absolute and relative performance num-
bers are interesting for the Shell sort for several reasons. First, the overall
numbers show that again the race on samples is a good indicator of the rela-
tive performance on the actual input. Like the previous experiments with four
general sorting algorithms, the absolute numbers reflect expectations for perfor-
mance for each increment set. Where there are mis-predictions in the rankings,
it is usually at the milliseconds level of error. Also, the numbers show exactly
when a bad increment set (Shell and Gonnet) actually can be useful. When an
input is almost nearly sorted, the supposedly poorly performing Shell sorts are
actually more efficient than the more optimal increment sets.

A final interesting issue the numbers bring up, though, is the performance of

the bad increment sets when the permutation is transitioning from nearly sorted
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to a more random input. At this point, the poorly performing Shell sorts actually
perform well on the samples. This is caused by some features of the insertion
sort and of the increment sets themselves. Where the inputs are between nearly
sorted and random, insertion sort performs an order of magnitude better on the
samples (scaled to the actual size of the input) because the samples are small
enough that the percentage of random flips that make it through are not enough
to send the performance into polynomial time. On the large input, however, the
insertion sort degrades to polynomial time. The good increment sets avoid this
degradation, though. Further research into this zone of degradation could yield
interesting results with respect to optimal increment sets.

Similar to non-Shell sort algorithms, different increment sets cause the Shell
sort to perform differently on different kinds of inputs. Because specific sets are
more well-suited for different inputs, using sampling to test performance may
provide insight into their relationship with problem specific features. In these
experiments, the performance of Shell sort on large inputs as well as samples

from them is compared using five different increment sets.

3.4.1 EXPERIMENTS

Permutations of size 100,000 are used as inputs. Smaller inputs are used than
the previous sorting experiments because the worst case for some of the incre-
ment sets (such as Shell and Gonnet) is extremely slow. Much larger inputs
brings sorting to a halt for these two increment sets even though the other incre-
ment sets can handle them more gracefully. As in the previous sorting experi-
ments, each input is randomly perturbed to provide a wide range of inputs from
almost perfectly sorted to randomized with varying numbers of runs. Each input

is sorted with Shell sort using the following well-known increment sets:
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e Shell (k/2): This increment set begins at log N, and it is halved repeatedly.

This is the basic increment set.

e Knuth ((3*) — 1)/2): Each increment in this set is the result of this function

where Kk is the element’s index in the increment set.

e Sedgewick: This increment set contains the following elements -0, 1, 5, 19,
41, 109, 209, 505, 929, 2161, 3905, 8929, 16001, 64769, 146305, 260609,
587521, and 1045505.

e Hibbard ((2¥) — 1): Each element in this increment set is one less than a

power of two.

e Gonnet (k/2.2): Each increment in this set is simply the index of the ele-
ment’s position divided by the constant 2.2. This set represents an effort to

improve on the original Shell increment set.

Then, random samples of 1, 5 and 10% of each input are sorted using the
same increment sets. The results presented here are based on inputs of size

100,000 with a sample of 5%.

3.4.2 RESULTS

The performance of different increment sets on the original inputs is presented
in figure 3.10. In these experiments, we see more variation in prediction of per-
formance for different increment sets. For example, the simplicity of the Shell
and Gonnett increment sets allow the algorithms to excel on nearly sorted per-
mutations as reflected in performance of the proxies. We see, however, that the
performance predictions begin to fail for these particular increment sets as the
inputs become more random. Even with the change from one to two runs, the

Shell and Gonnet sets go from seconds to thousands of seconds.
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Figure 3.10: Summary of data from various Shell sort increment sets. As the
inputs become more random, we see the Knuth and Sedgewick increment sets
begin to outperform the Shell and Gonnet sets. With 2 runs in the input, we
see that the Shell and Gonnet increment sets quickly become very bad solutions
compared to other sets. The performance on the proxies reflect this.
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For these nearly sorted inputs, though, the Gonnet does represent an
improvement by many seconds over the Knuth, Sedgewick, and Hibbard sets,
and this ranking is also reflected in the proxies. As soon as we get into the realm
of the more unsorted, however, the contest comes down to the Knuth, Sedgewick,
and Hibbard sets. With one run, the performance is virtually a tie with minor
variations. When we transition to two runs, though, we see the Hibbard set begin
to fall behind the others. In these cases, the Knuth and Sedgewick sets rise to
the top of the rankings for both the original inputs and the proxies.

The difference in performance ranking at the 1000 flip point can be at least
in part attributed to the size of the samples. Shell sort performs well on smaller
inputs, and there appears to be an area where the original input is starting
to become more random. Here, though, the sample contains few enough of the
flips that the algorithms still perform relatively efficiently. As the climb toward
randomness continues, more of the perturbations make it through the sample,
and we see that the Shell and Gonnett increment sets sink to the bottom on both
the original inputs as well as the samples.

As in the experiments using different sorting algorithms, the performance of
the Shell sort is accurately reflected in its performance on a much smaller sample
of that same input. Because insertion sort generally runs relatively more quickly
on small inputs because of low overhead, the predictions do become inaccurate
in a certain range of inputs. SLIP can be still be used effectively for inputs of
various degrees of sortedness, but it also reveals interesting behavior for the

different increment sets with different problem specific features.

3.5 CONCLUSIONS

We have shown that SLIP retains the problem specific features for inputs to

the sorting problem for accurate approximation. In addition, these proxies may
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be used as substitutes for the sorting algorithm and shell sort increment set
selection problem. In particular, inputs to the sorting problem may be sampled
to use as input for a race between sorting algorithms to accurately predict the
most efficient solution for the original problem. Gains in performance do exist.
In addition, this serves as an example of the ability of proxies to in fact provide
accurate enough information about problem specific features of a traditional
computational task. In the following chapters, applications of SLIP using graphs

are explored which improve performance much more significantly.



CHAPTER 4

CLASSIFYING LARGE GRAPHS OF NEWSGROUP DATA

In mining information from very large graphs, processing time as well as system
memory become computational bottlenecks as the properties of these large
graphs must be compared through each iteration of an algorithm. This is a
particularly pronounced problem for complex properties. For example, measures
of distance between two inputs are used in many fundamental data mining
algorithms including k-nearest neighbors for the classification task. Even the
relatively efficient distance and similarity heuristics for large inputs, though,
often require processing and memory well beyond linear with respect to the size
of the input, and this rapidly becomes intractable with very large inputs. Com-
plex properties such as the distance between two graphs can be extremely costly,
but using proxies of these large graphs to calculate the same properties proves
to reduce memory requirements and processing time significantly without sacri-
ficing quality of classification. Because the vast amount of web data is easily and
robustly represented with graphs, a data reduction technique that preserves the
accuracy of mining algorithms on such inputs is important. We explore in this
chapter the ability of SLIP to create significantly smaller yet equally expressive
proxies for large graphs of web content, and we show how these proxies can be

used to accurately classify web content more efficiently.

47
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4.1 INTRODUCTION

Graphs provide a robust structure to model data for many computational prob-
lems. They are common inputs to problems in information systems, data mining,
and image processing, and there is of course a rich theoretical background in
graphs as well. Processing data in graph form can be expensive with respect
to space and time efficiency, but very large graphs are not uncommon when
modeling real world data. Graphs offer an especially rich representation for web-
accessible content, and this chapter uses SLIP to improve the efficiency of graph
classification created from such large real world corpora.

The data for the classification experiments comes from the collected text of
twenty newsgroup postings available in the UC Irvine Knowledge Discovery in
Databases Archive [54], but the techniques apply easily to any large collec-
tions of text such as those created from web sites or emails. After some prepro-
cessing, each of the newsgroup graphs initially has over 20,000 nodes and sev-
eral times that many edges, and they require a great deal of computing resources
when used in even basic data mining tasks. We will show that SLIP can ran-
domly sample these graphs in such a way that the proxies themselves may be
used in the classification task. Because structural properties and problem spe-
cific features of the input are maintained, the use of the proxies improves the
performance relative to both memory and speed without sacrifices in quality.
Specifically, the k-nearest neighbors algorithm using significantly smaller graphs
results in the same classifications when performed with the original inputs.

SLIP requires a means of randomly sampling the input as well as problem
specific features which must be retained. For sampling, two methods are used
including a hybrid node-edge selection technique as well as a random walk. The
PSF for the classification task will be the distance between two graphs, and there

are several ways to measure similarity between graphs. Various graph distance
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metrics which can be used in common clustering and classification algorithms
are listed, and results from experiments using these measures show that the
classification of the proxies are of the same quality as the much larger original
input graphs.

It is important to distinguish early between the effectiveness of the particular
classification methods used and the effectiveness of the sampling method. This
work is concerned with reproducing the same results with the proxies as with
the much larger original graphs, and this means that misclassifications should
be preserved as well. The focus is not necessarily on improving the accuracy
of the classification method but rather on the ability of the proxy to replicate
the accuracy of the original input. Any improvements in accuracy for a given
method should transfer to the input proxies but with the advantage of signifi-

cantly reduced processing.

4.2 RELATED WORK

Sampling is widely used in computation, but it is typically associated with finding
a representative subset of inputs from a large number of inputs. Sampling can
also be used to reduce a single large input to a more manageable yet still repre-
sentative structure for use in computations. Related work [30] shows the effec-
tiveness of random sampling in reducing the space complexity of computational
problems while maintaining the relevant structural features of large inputs.
Such properties are useful in several areas. For example, the algorithm selec-
tion problem focuses on selecting the best algorithm among a collection of solu-
tions whose efficiencies depend on features of the input [52]. In sorting, dif-
ferent sorting algorithms perform better or worse depending on the prior relative

ordering of the input [36, 35]. For graphs, the efficiency of different algorithms
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for finding the minimum spanning tree (for example, Kruskal’s and Prim’s algo-
rithms) can vary according to the density of the graph.

Other related work examines the effectiveness in sampling in computation
as well. Leskovec and Faloutsos test the ability of multiple sampling schemes to
estimate individual features such as in- and out-degree of nodes from the original
input [30]. They show that indeed sampling can be used to preserve context-
independent features of many large graphs that model real world data such as
citation networks. Other recent research using novel sampling techniques has
been used to re-create the estimated coverage of a search engine’s index [19].
The preservation of other graph properties from network graphs with relatively
small samples is studied in [15].

There has also been work on using graphs in web content mining because
of their ability to represent relationships between objects or elements in a set.
This additional representational ability, though, often comes with a computa-
tional cost. Schenker et al. explore the use of graphs to overcome the inability
of vector models to represent structural information [2]. They show that graphs
are indeed effective structures for web content mining tasks such as classifica-
tion and clustering, but the computational overhead can be prohibitive for large
graphs. Other techniques for dimensionality reduction including latent semantic
indexing [55] rely on the use of singular value decomposition to condense the
input, and others have shown that such techniques can indeed provide as good
or better performance for data mining tasks [29]. However, this work differs in
that it attempts to maintain the rich structure inherent in graphs for use in
classification.

Sampling of course has been used to choose from a large number of inputs to
narrow the complexity of the input space in many data mining applications, but

little work has focused on using sampling to reduce the complexity of a single
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or many very large inputs to such a task. This research shows that sampling
can also be used with large graphs to classify data more efficiently but just as
accurately as with the original inputs. Using data from the text from a collection
of twenty newsgroups postings [54], large graphs are created and classified into
different groups using a traditional k-nearest neighbors algorithm using several
distance metrics. Proxies of these large graphs are then processed in the same
way, and results indicate samples indeed provide very accurate results with sig-

nificantly smaller processing and memory requirements.

4.3 SAMPLING AND GRAPHS

Large graphs as models of real world problems are a natural result of their ability
to represent rich relationships between objects as well as a result of the con-
stant increase in available machine-processable information. Processing such
large graphs can become very costly, particularly for problems whose solutions
scale polynomially or worse with the size of the input. Heuristics for reducing the
search space are a common approach, and reducing the input to a more com-
pact representation also can be critical in designing a tractable solution. Data
reduction must not come at the expense of accuracy of the model, though. This
section addresses accurately estimating such distance or similarity metrics for

large graphs using SLIP.

4.3.1 LARGE GRAPHS AND THEIR FEATURES

Graphs are commonly defined as a structure of two sets — nodes and the edges
that connect them. There are as many variations on this basic idea as there
are problems to which to apply them, and these can be found in any intro-

ductory graph theory text. Graphs are commonly used not only to store objects



52

(nodes) but the relationships between them as well (edges). For any computa-
tional problem, there are problem specific features. Given a particular graph,
such features may include the density or edge probability. These features can
reveal a great deal about a particular input and its relationship with the problem.
These PSF’s can uniquely identify the input, and they can affect the performance
of different algorithms used to solve the problem. They are also frequently the
output of a problem themselves. For example, the similarity (or distance) between
two inputs is required for many data mining processes such as clustering and
classification. It is these distance metrics on which this chapter focuses.
Experiments on randomly generated graphs are useful to show that abstract
features that are not context specific are maintained through sampling. Experi-
ments on real data, however, show that features unique to a particular applica-
tion or context can also be accurately estimated with an appropriate sampling
technique. Large volumes of data naturally result in large computational rep-
resentations, and these structures are rich in features as well as noise. Data
to create such large graphs are readily available in various domains such as
network traffic analysis, image processing, and the mining of data from large
text corpora [2], and this work uses sampling to filter noise out of large graphs

created from web content for more efficient classification.

4.3.2 SAMPLING GRAPHS

There are a variety of ways to sample graphs. While some focus on the set of
nodes, others focus on the edge set. Random walks and its variations are also
often used to explore graphs to create a sample. Each method has its own advan-
tages and disadvantages, and the best method often depends on the application
or data itself. In random node selection, random nodes are selected until a target

sample size is reached. Variations often differ on exactly which edges to include
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from a node’s adjacency list. In random edge selection, random edges are added
to a target sample’s edge list until a required size is reached. Both of these tech-
niques have their biases toward or against certain kinds of nodes, though.
Random walk-based sampling techniques often select a random node from
which to start a walk across a graph by selecting edges to traverse from the cur-
rent node’s adjacency list. Variations often manipulate various probabilities that
influence the chance of returning to the start node or a new random node, for
example. In this chapter, experiments use two sampling techniques — a hybrid
edge-node sampling scheme as well as a random walk. The details of each are
are discussed in Section 4.5. The ability of these sampling techniques to create
proxies which approximate problem specific features such as the relative dis-
tance between graphs will be evaluated for the classification task in this chapter,

and the same methods will be used for the clustering task in the next chapter.

4.4 GRAPH SIMILARITY MEASURES

Measuring how alike two graphs are is a computationally complex problem. If
two graphs are considered isomorphic, we might say that they are the same
graph with different labels. If they are not exactly isomorphic, though, we might
want to describe how close they are to being exactly alike (or unalike). Such
notions of relative proximity are very useful in tasks such as classification and
clustering. Though we ideally want a highly accurate but computationally inex-
pensive distance metric, there exists as always a tradeoff. Several such measures
are reviewed and proposed in [2]. These experiments use five particular metrics
for similarity calculations on the original graphs as well as samples taken from

them.
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4.4.1 GRAPH DISTANCE METRICS

Measuring the similarity between graphs provides a notion of how far apart
or how close two graphs are, but they can be most useful when several such
graphs are being compared. Schenker lists several such graph similarity tech-

niques including but not limited to:

Graph and subgraph isomorphism

Graph edit distance

Probabilistic

Distance preservation

e Maximum common subgraph

Minimum common supergraph

Two graphs are said to be isomorphic when there exists a 1-to-1 correspon-
dence between the nodes of two graphs such that edges and labels are preserved
while subgraph isomorphism requires such a mapping of a graph to a subgraph
of another [46, 48]. These are known difficult problems, and Ullman provides
an algorithm for subgraph isomorphism [56]. With isomorphic measures of sim-
ilarity, however, the results are absolute. Either graphs are exactly the same or
they are not. Schenker and others define four properties for a graph similarity

measure [48, 49, 50, 47]:

e Boundary condition: d(G,Gs) > 0

e Isomorphic graphs have zero distance: d(G;,G2) =0 — G = G,
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e Symmetry: d(G1,Gs) = d(Gs, G1)

e Triangle inequality: d(G1,G3) > d(G1, G2) + d(Gs, G3)

Edit distances measure the cost of transforming one structure into another
[40, 39, 57]. For graphs, we may define such operations as adding, deleting,
and substituting nodes and edges from a graph to transform it into another. If
each operation has a cost associated with it, we can measure the total cost by
summing each operation [46]. With this many parameters, though, graph edit
distances can be application specific [44].

Probabilistic approaches attempt to match a graph with a model graph based
on matching super-cliques of the input graph with super-cliques of the model
graph [43]. Relying on Bayesian techniques and other probability theory, Wilson
and Hancock have created such a description. It has been refined to only require
one parameter. Distance preservation approaches focus on maintaining the min-
imum distance between two nodes in two graphs [45]. Such an approach can
require the calculation of distances between all pairs of nodes in the input
graphs.

Experiments in this chapter and the next use variations of the maximum
common subgraph and minimum common supergraph distance measures. In
addition, a new technique using graph sampling to determine similarity is intro-

duced.

4.4.2 MAXIMUM COMMON SUBGRAPH

The maximum common subgraph technique attempts to find the largest sub-
graph that two graphs have in common, and it is related to the graph edit
distance [46]. Given graphs G; and G., we define mcs(G,, G2) as the maximum

common subgraph of G; and G, if it is a subgraph of G, it is a subgraph of G-,
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and there exists no other subgraph that is contained in both G; and G, that is
larger. With unlabeled graphs, such a measure would be very inefficient because
of the exponential number of possible pairings. With labeled graphs, however, the
maximum common subgraph is computationally manageable because the labels
significantly reduce the possible matchings. Even if labelled, though, space and
time requirements are still very high with very large graphs. The algorithm used

in the experiments is as follows:

Algorithm 1: Maximum Common Subgraph

Input: Graphs G; and G»
Output: Maximum Common Subgraph G,,.; of G; and G-
for edge e € GG, do

if e € G, then

add e to G,

end
end
return G,

Distance measures used based on the maximum common subgraph include

the following:

|mes(G1, Ga)|
dmcs G 7G =1- 41
= (CANLEA) @
|mcs(G1,G2)|
dw u G 7G =1- 42
(G0 C2) = L= 1 TG~ mes (G, ) 42
dugu(G1, Go) = |Gy| + |Ga| — 2jmes(Gy, Gy)] (4.3)

The WGU metric in Formula 4.2 considers the union of the two graphs in
its metric [49]. By summing the two graph sizes and removing the size of their

intersection, the measure allows for both graphs (not just the largest) to play
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a role in the distance calculation. The UGU metric in Formula 4.3 is a non-
normalized measure of distance that also considers the union of the graphs [46].
By subtracting twice the size of the intersection, two exactly matching graphs
should have a distance of zero. However, because the distance is not set to an
interval such as [0,1], we will see that significantly different sized graphs can

adversely affect the ability of algorithms such as k-means to classify effectively.

4.4.3 MINIMUM COMMON SUPERGRAPH

The minimum common supergraph attempts to find the smallest supergraph of
two graphs, and it is related to the union of two graphs. Given graphs G; and
Go, we define MCS(G,, G») as the minimum common supergraph of G; and G if
it is a supergraph of G, it is a supergraph of G,, and there exists no smaller
supergraph of both [48]. Space and time requirements are still very high with

very large graphs, however. The algorithm used in the experiments is as follows:

Algorithm 2: Minimum Common Supergraph

Input: Graphs G; and G-
Output: Minimum Common Supergraph G,,cs of G; and G,
for each edge e € GG, do
add e to G MCS
end
for edge ¢ € GG, do
if e §é GMCS then
add e toG s
end
end
return Gcs

The distance measure used based on the minimum common supergraph is

defined as:

B |mes(Gr, Ga)|
max(|MCS(G1,Gs)|)

dyes(Gr,Ga) =1 (4.4)
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The metric in Formula 4.4 uses the maximum common subgraph as a lower
bounds of sort on the similarity between two graphs while the minimum common

subgraph represents the upper bound of similarity [50, 2].

4.4.4 SAMPLE INTERSECTION DISTANCE

A new distance measure introduced in this chapter relies on the number of
common edges taken in a random sample of edges from one of two input graphs.
If a sample of size n is taken, the distance is calculated as one minus the ratio
of number of randomly chosen edges that exist in both graphs to n. If n edges
are chosen, and all n exist in both graphs, then the distance is considered to
be zero. This method is meant to be a quickly computed estimate of the max-
imum common subgraph measure. That is, it only considers edges (with the
same source and target nodes) that the graphs have in common, but it does not
rely on an exhaustive search for all such edges. Results show that this measure

proves to be a good distance metric.

Algorithm 3: Sample Intersection
Input: Graphs G; and G,, sample size n
Output: Number of edges which exist in both graphs

while edges sampled < n do
select random edge e from G,

if e € G1 AND e € GQ then
increment match count m

end
end
return m

The distance measure used based on the sample intersection distance is
defined as:

1=

dsia(G1, G2) (4.9

3
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where n is the number of random edges selected and m is the number of these
edges found to be in both input graphs.

With large graphs, these calculations can rapidly exceed the computational
limits of a particular application. This can of course depend on the efficiency
of the underlying data structures, but SLIP provides an implementation-
independent way to reduce the size of the inputs significantly while still pre-
serving its aggregate structure so that relative ordering with respect to similarity
between all pairs of graphs is maintained given a set of inputs. Because the
distance metrics are directly tied to the number of edges in one or both input
graphs (with some multiplicative factor based on the graph data structure effi-
ciency), any reduction in the number of edges in the proxy should result in large
gains in performance for data mining tasks with little or no sacrifice in quality.
Details about results from all of the experiments using the various sampling

techniques and distance measures are provided in the following sections.

4.5 SAMPLING FOR SIMILARITY

The effectiveness of graph sampling methods is often dependent on the data
being represented. We examine in detail a hybrid random edge-node selection
method for creating a subgraph of an input, and we also consider a random walk-
based sampling method. In order to avoid introducing new information into any
samples, we simply need to avoid creating new edges between nodes. The more
difficult part of the sampling is maintaining the general structure for a graph for

different kinds of graphs.

4.5.1 HYBRID EDGE-NODE RANDOM SAMPLING

A randomly selected subgraph g’ of size s of some graph G can be created by

randomly selecting s nodes and adding them to g’. Variations might select all or



60

part of each node’s adjacency list to add to g’ as well. Alternatively, edges can
be randomly selected from G’s edge list to add to g’ along with its source and
destination nodes. Random node or edge selection to create samples has certain
biases toward or against nodes with higher or lower in and out degrees, and
some of these can be avoided through a hybrid approach. The following algorithm
creates a subgraph g’ of G of size s by randomly selecting edges, adding nodes,

and then processing the adjacency lists of each node previously added.

Algorithm 4: Hybrid Random Node-Edge Graph Sampling
Input: Graph G, Subgraph proxy size s
Output: Subgraph ¢ of G
while | ¢/ |< s do
select random edge e from G
ifed¢ ¢ then
if source node ¢ ¢ then
add source node to ¢’
end

if destination node ¢ ¢’ then
add destination node to ¢

end
end
end
for all nodes n € ¢’ do
for edge c¢ € n's adjacency list do

if destination node ¢ ¢’ then
remove e

end
end
end
return ¢

A simple random selection of nodes can lead to a graph that ignores the
importance that "hub® nodes play in graphs. When only nodes are considered,
all nodes stand an equal chance of selection and so nodes with many edges do
not have any advantage. This can ignore a major feature of a graph. On the other
hand, simply selecting edges can lead to similar but different problems. Con-

sider, for example, a fully connected graph. Randomly selecting half of the edges
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for inclusion in the sample will likely include every node in the sample but many
fewer edges. Fundamental properties of the graph change such as its relative
density, and there is no way to get a sample that also represents a full connected
graph. This method thus has the same problems as the first sampling method -

the structure and features of the input are lost.

Different Graph Samopling Wethods

| InputGraph ‘Justhludes | | JustEdges | | Combined Method

/O . /O}/@
N

@O/@ A

Figure 4.1: Flexibility of the Hybrid Graph Sampling Technique to Preserve Struc-
ture.

\ S

A visual comparison of node, edge, and the hybrid technique is shown in
figure 4.1. The hybrid method not only allows for making the chance of a node
being in the sample proportional to the number of edges in which it participates,
but it also limits the number of nodes in the sample while maintaining certain
structure from the input. This sampling method generalizes well for many types
of graphs to maintain general structure. Particular data may lend itself well to
other techniques such as random walk sampling. For example, an application
may require that the sample be a connected component of the original input. In

these experiments, however, no such requirements exist.
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4.5.2 RANDOM WALK SAMPLING

A subgraph g’ of size s of some graph G can be created through a random walk.
By starting at some randomly chosen node, a walk is performed where new edges
are added to the sample if it has not been encountered before. A maximum path
length from the starting node may be set, and a probability associated with re-
starting at the same original node or a new randomly chosen one is another
parameter that affects the type of sample created. The process ends when the

sample reaches a required size.

Algorithm 5: Random Walk Graph Sampling

Input: Graph G, sample size s, max path length /, new start node
probability p
Output: Subgraph ¢ of ¢
select random edge e from G
set source node of e as current node n
add n to ¢
while | ¢/ |< s do
reset step count
while stepnumber < [ do
select random edge e originating from n
ife ¢ ¢ then
add e to ¢
add target node of ¢ to ¢
set n to target node
end
increment step count
end
with probability p select new start node
end
return ¢

Both the hybrid node-edge selection technique as well as the random walk
are used in experiments to test whether samples retain the aggregate property
of distance between two graphs as measured by the mcs, MCS, WGU, UGU,
and SID distance metrics. The random walk samples in these experiments set

the probability of a re-starting at the previous start node at 0.9 with a maximum
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path length of 20. These are parameters that are domain specific, but a thorough
examination of these parameters for different types of data is outside the scope
of this chapter. Similar values are used in other work using random walks for

sampling graphs [30].

4.5.3 DATA

Randomly generated artificial graphs provide complete control over features of
the graph at the individual node and edge level as well as the aggregate level,
but graphs representing real world data provide motivation for application of
sampling techniques [58, 30]. A collection of newsgroup postings from the UC-
Irvine Knowledge Discovery in Databases archive is used [54]. These files contain
20,000 messages from twenty newsgroups (1,000 from each newsgroup). The

groups are listed in Table 4.1:

Atheism Politics - Misc Windows X Autos
Religion Computer Graphics Cryptology Motorcycles
Christianity IBM Hardware Electronics For Sale
Politics - Guns Mac Hardware Medicine Baseball
Politics - Mideast Windows Misc Space Hockey

Table 4.1: Categories of Newsgroups from UC-Irvine Repository

From these, twenty graphs are constructed based on the words contained in
the messages and their proximity to each other. Stop word removal is performed
to remove many common words from all inputs. This is a common technique
when processing text input to reduce noise by removing elements which do not
help to distinguish or define the input. Other preprocessing techniques such as
stemming are possible, but some noise is left in the graph representation by per-

forming only basic stop word removal to test how robust the sampling techniques
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can be. Several measures could be taken to improve the distance measures and
the consequent classification, but the goal of these experiments it to discover
if samples make the same predictions as the original inputs (not whether the
original predictions are the most accurate possible). Directed edges are created
between words within three positions of each other, but this parameter can be
adjusted to create more or less dense graphs. Sample sizes of 15, 30, and 50%

are used in experiments.

4.5.4 EXPERIMENTS

Each distance metric is used to calculate the similarity between all pairs of input
graphs as well as pairs of the proxy graphs. These proxies are created using both
the hybrid node-edge sampling technique as well as the random walk method.
Distance data are provided for all metrics for the original inputs, but only the
maximum common subgraph distance data are provided for the 15, 30, and 50%
proxies. Exhaustive distance information for all metrics and sample sizes may
be found in Appendix A. Specific examples analyzing the ability of the proxies to

predict graph similarity are provided along with the raw data.

ORIGINAL INPUTS

In tables 4.2, 4.3, and 4.4, we see the distances on the original inputs using the
maximum common subgraph, WGU, and UGU metrics. All of these metrics rely
on the size of the maximum common subgraph as seen in formulas 4.1, 4.2, and

4.3.
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We will look at the maximum common subgraph data in more detail to provide
some examples. Each row contains an entry which has been bolded - this rep-
resents the closest graph in that row as determined by maximum common sub-
graph. We see that along the diagonal the distances are O because two exactly
matching graphs should be zero distance. For the Atheism newsgroup, we see
that Religion is the closest graph with respect to this particular distance metric.
This makes intuitive sense as the topics from such newsgroups would seem to
have a large intersection. Other obvious strongly related groups include hockey
and baseball, motorcycles and automobiles, and IBM hardware and Macintosh
hardware. We also see that the two subcategories of Politics (Guns and Mideast)
are most closely related to the Miscellaneous Politics group. Several other inter-
esting relationships exist within the newsgroups, but these experiments are
meant to see how well different samples predict these distances rather than
exploring the meaning of the distances themselves.

We see in Table 4.3 that the range of the distances provided by the WGU
metric are, as expected, more tightly compacted closer to 1 as the ratio is built
upon penalizes more than the maximum common subgraph measure as the size
of the subgraph becomes smaller and smaller. We still see, though, distances in
the same order as that of the maximum common subgraph seen in Table 4.2.
The final measure based on the maximum common subgraph (Table 4.4) is not
normalized between O and 1, but its measures again reflect the previous two.
All three metrics based on the maximum common subgraph provide reasonable

distance measures between the input graphs.
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In table 4.5, we see the distances on the original inputs using the minimum
common supergraph metric. This technique is based on the smallest possible
graph that contains both input graphs (MCS) as well as the largest possible sub-
graph contained in both input graphs (mcs), and it is defined in formula 4.4.
Similar to WGU, MCS penalizes more when the graphs have less and less in
common. We see that the graphs measured to be most similar to each other are
the same as with the previous three measures, but let us look at a couple of
examples in more detail. For the Medicine newsgroup, the maximum common
subgraph distances have the top four closest newsgroups as Space, Guns, Mis-
cellaneous Politics, and Religion in that order. The second through fourth closest
are hardly separated as well — 0.9250, 0.9267, and 0.9269 for the maximum
common subgraph metric. For the minimum common subgraph, space is still
the closest newsgroup, and the second through fourth closest are also the same
- 0.9551, 0.9553, and 0.9576 for Guns, Miscellaneous Politics, and Religion,
respectively.

Another example is the For Sale newsgroup. While the closest group for the
maximum common subgraph measures is IBM Hardware, the closest of the min-
imum common supergraph is Mac Hardware. The distances are extremely close
for both measures, and the top five closest are the same as well (IBM Hardware,
Mac Hardware, Electronics, Autos, and Motorcycles). These are exactly the sit-
uations where we might expect sampling techniques to be tested with respect
to their ability to keep accurate estimates of the distances between the original
graphs, and we will see later that the sampling does indeed retain the general
sense of distance well enough to be used very accurately in tasks such as clas-

sification and clustering.
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The final distance measure is the Sample Intersection distance (SID) shown
in table 4.6. This metric is introduced here as a way to estimate quickly the sim-
ilarity between two graphs by examining the edge list randomly, and it can be
performed more efficiently than the previously discussed measures because it
does not require an exhaustive search of all edges and nodes. In addition, the
number of random edges checked can be tuned to affect the tradeoff between
accuracy and efficiency. For these experiments (as well as for the sample experi-
ments discussed later), the number of edges randomly chosen to check for pres-
ence in both graphs was set at 30% of the number of edges of the larger of the
two graphs.

For the most part, the distances using the SID metric are very similar overall
to the previous four. One interesting recurring difference is that the Mac Hard-
ware newsgroup graph appears as the closest graph to several other graphs to
which it’s close but not the closest when using the other measures. The general
groupings are very similar, though, and again the emphasis should be on how
well the samples recreate the relative distances for each metric as opposed to the

relative qualities of the metrics themselves.

HYBRID NODE-EDGE SAMPLE DISTANCES

Let us first examine the ability of the node-edge sampling technique to retain
the graph similarity properties of the original inputs. The distances between the
proxy graphs are ordered remarkably closely to the original inputs. The size of
the graph has been significantly reduced, but the relative distances between the
graphs has hardly changed at all. We will see the magnitude of the changes in
the relative distance rankings for both sampling techniques in Figures 4.2, 4.3,

and 4.4, but first we present the raw distances between node-edge samples of
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15, 30, and 50% (Tables 4.7, 4.8, and 4.9) for the maximum common subgraph
distance. The other metrics for all sample sizes may be found in Appendix A.
The proxies track the distances between respective input graphs faithfully.
As expected, larger proxies are even more accurate in maintaining relative dis-
tance. Across all sample sizes, all metrics perform quite well. We will see that

this translates to very good performance in classification in section 4.6.

RANDOM WALK SAMPLE DISTANCES

Now let us take a look at the random walk sample’s ability to retain the graph
similarity properties of the original inputs. Tables 4.10, 4.11, and 4.12 provide
distance data for the 15, 30, and 50% samples respectively. We see the dis-
tances between the sample data using the maximum common subgraph distance
measure, but the other detailed distance data for the WGU, UGUG, minimum
common subgraph, and sample intersection distance may be found in Appendix
A. .

Just as with the node-edge method, the random walk does a very good job
of preserving relative ordering between the graphs. While the absolute numbers
change a little, the relative distances are very similar due to the ability of SLIP to
maintain problem specific features. We will see in histograms that this implemen-
tation of the random walk has a bit more variation than the node-edge technique,
but there are several parameters that can be adjusted to improve the random
walk’s effectiveness. Such parameters include the probability of returning to the

same start node as well as the maximum path length.
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4.5.5 RESULTS

Figures 4.2, 4.3, and 4.4 provide histograms detailing the changes in relative
rankings between the proxy and the original for both the node-edge and the
random walk samples for all five distance metrics and all three sample rates. If
the original input had the atheism and religion newsgroups as closest to each
other and the sample had them closest together as well, the change in proximity
ranking from input to sample is 19 (20 is always itself). If the sample had another
group closer to religion than atheism (say atheism was the second closest), the
change in the relative ranking is -1.

These figures provide a good summary view of the preservation of the PSF
of graph distance. We see from the results that proxies created from the orig-
inal graphs do an excellent job of maintaining relative ordering with respect to
the distance metric used. As the proxies become smaller, the changes in dis-
tance rankings become more pronounced. With the random walk proxy in par-
ticular, the inaccuracy of the 15% proxy becomes more pronounced. For the 30
and 50% samples, the variations that do exist are minor (particularly for the
node-edge random sampling technique), and they are attributed to the original
distances between certain groups being clustered into close groups initially. We
might expect then that a sample might flip an ordering here and there, but the
same neighborhoods exist in the rankings.

Let us look at the 30% proxy in more detail since it is the one that will be used
in the classification task in the next section. For the node-edge sampling, only
the SID metric has many pairs whose ranking changes more than five spots,
showing that the samples are similarly structured despite being significantly
smaller. For the random walk, we see that the tail is thicker which tells us that
more pairs of graphs deviate more widely in the ranking change from input to

proxy. The distance data as well as the analysis of ranking changes show that
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Node Edge Relative Ranking Deviations (15%)
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Figure 4.2: Relative changes in distance rankings from original to 10% samples.
Node-edge more accurately retains relative distance rankings in its proxies.
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Node Edge Relative Ranking Deviations
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Figure 4.3: Relative changes in distance rankings from original to 30% samples.
Again we see that node-edge more accurately retains relative distance rankings
in its proxies. The exception is the UGU metric which still does quite well with
the random walk proxy.



Node Edge Relative Ranking Deviations (50%)
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Figure 4.4: Relative changes in distance rankings from original to 50% samples.
Cutting the graph’s size in half produces very little change the relative rankings

in distance from one graph to another.
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proxies preserve the structure of the original graphs so that we may now confi-
dently use these similarity measures in applications. As we will see in the next
section, the distances between the samples result in the same classifications as
the distances between the original inputs when used in a k-nearest neighbors

algorithm.

4.6 CLASSIFICATION WITH SAMPLES

Classification tasks typically attempt to classify a previously unseen input into
a previously defined class. K-nearest neighbors (knn) is a common algorithm
that classifies an input based on the classification of its k-closest neighbors as
determined by some distance metric. In these experiments, maximum common
subgraph provides the measure for similarity between two graphs, and various
neighborhood sizes are used. Sample sizes of 15, 30 and 50% are used with Ik

set to 3 and 5. Results for the 30% with k=3 are discussed specifically here.

4.6.1 EXPERIMENTS

For these experiments, five classification groups are used in which to categorize
each newsgroup. These author-created labels are religion, politics, computer, sci-
ence, and other. These are of course arbitrary, and other current work includes
using similarly created samples for clustering tasks to determine whether sam-
ples cluster into the same arbitrary neighborhoods as the original inputs. Other
experiments with other classification types have been done, and the results are
equally accurate. The author has assigned a default classification to each news-
group, and the initial twenty graphs are classified according to a vote from the
three closest and five closest neighbors (k=3 and k=5) as measured by the max-

imum common subgraph. Then samples are created for each graph, and the
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same process is repeated for all pairs of sample graphs. The results from experi-

ments with neighborhood size of three with a sample size of 30% are discussed.

4.6.2 RESULTS

The results for classification for the 30% sample (both node-edge and random
walk) of each of the original input graphs are shown in the following tables. For
each, the k value for the k-nearest neighbors algorithm was set to 3 and to 5.
The results for each distance metric are provided and analyzed. The potential

classfications are:

Religion

Politics

e Tech

Science

Other

These categories are arbitrarily chosen, and there are naturally many other
possibilities. Again, the emphasis of this work is not to come up with a nec-
essarily more accurate classification but rather a more efficient one. For each
distance metric, we will examine the sample’s ability to make the same classifi-
cation as the original input. Each table provides a user-assigned classification
for a point of reference as well as the classifications for the original input, the
node-edge sample, and the random walk sample. Predictions which do not agree
with the classifications of the original input are in bold.

The results for the 30% sample are provided because they represent the
results from the tradeoff of accuracy and speed. The 50% sample results are

more accurate, but they do not cut the input size as drastically. The smaller
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sample is faster, but is also less accurate. These are the results we would expect,
but we analyze the 30% results in depth here because they provide the most
insight into when and what starts to break down as the sample size grows smaller
for these very large graphs. All tables referred to in the following subsection may

be found at the end of this section.

CLASSIFICATION BY MAXIMUM COMMON SUBGRAPH

Table 4.13 contains the output for the classification tasks using the maximum
common subgraph distance measure. This particular metric provides the most
accurate sample classifications of all of the similarity measures used in these
experiments. With a k value of 3, the hybrid node-edge sample technique yields
classifications that only misclassify one newsgroup with respect to the original
classifications. Specifically, the Space newsgroup is classified as Religion with
the original inputs but Science with the node-edge sample. Interestingly, the Sci-
ence label is the user-provided label, and this leads to the question of whether
samples can actually outperform the original data with respect to accuracy. How-
ever, this is left for future work as the focus here is on how well the sample
mirrors the original.

With k set at 5, the maximum common subgraph still does an excellent job
with only two misclassifications. One of these is again the Space newsgroup while
the other is Cryptography. We will see as we go along that there are groups which
can be easily categorized in multiple groups because of the diverse content, and
Cryptography appears to be one such group.

The random walk sampling method does not perform as well as the node-
edge sample with the maximum common subgraph. In fact, we will see that with
the same sample size the random walk as implemented is consistently poorer

at retaining the problem specific features most relevant to this task. While the
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random walk can create a sample more quickly, at least in these experiments it
appears they require a larger sample size and/or tweaking of runtime parameters
such as maximum path length to perform as well as the hybrid random node-
edge sample method. For the maximum common subgraph metric, random walk
samples are misclassified with respect to the original classifications six out of
twenty times for both k values. Five out of these six are the same for both Ik
values, and the misclassifications are in groups that are relatively close to mul-
tiple categories of newsgroups. This again may lead to the conclusion that this
implementation of random walk is not quite as robust at retaining the structure

of the graph.

CLASSIFICATION BY WGU AND UGU

The WGU and UGU (Formulas 4.1 and 4.2) are variations on the maximum
common subgraph metric, and their results are presented in tables 4.14 and
4.15. We would expect to see similar classification results for these distances,
and in fact we see that only two node-edge samples and four random walk sam-
ples are misclassified for the WGU method. While this is not as accurate for the
node-edge, the random walk actually improves with the WGU distance. For both
k values, the misclassifications are for the same groups and are misclassified to
the same category. We also see that some of the same groups are causing trouble
— Medicine, Space, For Sale, and Mac Hardware. Again, this can be attributed not
only to its close distance to several types of groups but also because of the rela-
tively small range of distance values to other groups. This is in contrast to groups
such as Religion and Atheism that are much more similar to some groups than
others.

Despite accurate approximations of relative distance rankings, the UGU

results in table 4.15 are very poor with respect to the classification accuracy of
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the originals. The non-normalized nature of the metric appears to exacerbate its
dependency on the relative sizes of graphs, and this leads not only to a majority
of the originals being classified as Tech but also a majority of the samples as
well. Important to note, though, is that the samples still do a very good job of
classifying the newsgroups into the same groups as the originals. While such
a metric would seem to need changes for improved performance with respect
to classification, the samples still retain the structure in a way that the UGU

classifications are nearly the same.

CLASSIFICATION BY MINIMUM COMMON SUBGRAPH

In table 4.13, we see the the classification results using the minimum common
subgraph distances. For both k values, node-edge and random walk do a very
good job of producing similarly structured samples. Only two newsgroups are
misclassified with respect to the original classifications, and these are the
Medicine and Space groups. Only three random walk samples are misclassified,
and the usual suspects are present for this sampling method — Mac Hardware,

Space, and For Sale.

CLASSIFICATION BY SAMPLE INTERSECTION DISTANCE

The sample intersection distance metric is intended as a more computationally
efficient alternative to the maximum common subgraph technique because it
does not need to process all of the edges from both graphs. Rather, it attempts
to estimate that distance by checking a sample of that set for presence in both
graphs. We see in Table 4.17 that it does indeed do a very good job of approx-
imating the maximum common subgraph distance with respect to its use in
the classification task. With k of 3, only one node-edge sample is misclassified,

and it is the same as the newsgroup misclassified using the maximum common
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subgraph distance. With k of 5, there is actually an improvement — only one is
misclassified as compared to the maximum common subgraph’s two with the
node-edge samples.

We also see an improvement with the random walk samples. For k=3, only
three mistakes are made. These three mistakes are interesting ones, too, because
two of them (Electronics and Politics-Misc) are classified the same as the user-
supplied labels while another (Christian) is misclassified as Tech. This classifi-
cation is only seen in other experiments when using the UGU metric where most
newsgroups were classified as such. This again begs further investigation into
the ability of a sample to classify more accurately than the original data.

These results and data from other experiments using different sample sizes
and classifications lead to the conclusion that sampling these large inputs can
and do result in similarly structured graphs, and the maximum common sub-
graph between these samples produces the same general neighborhoods of prox-
imity in the collection of graphs. By using the samples in our classification rather
the original, we can significantly reduce the run time for classification as well as
the space requirements by more than half. Additional experiments show that as
one would expect, smaller sample sizes have more variation from the classifi-
cation of the originals. Even systematically reducing the input by 75%, though,

produces efficient and relatively accurate results.
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4.7 CONCLUSIONS

This chapter has shown that the use of random samples of large inputs for
data mining processes can successfully reduce the time and memory require-
ments while providing the same results for tasks such as classification. Very
large graphs were processed to determine their similarity using five different dis-
tance metrics, including one introduced in this work. Two sampling methods (a
hybrid node-edge introduced here as well as a random walk) were used to create
more compact representations of the data, and the same distance metrics were
used to calculate the similarity of the samples. It was shown that both sam-
pling techniques do a very good job of retaining the aggregate structure of the
graphs as the relative rankings of the distances between graphs varied very little
from original data to sample and up to a 95% accuracy rate with classification
prediction.

K-nearest neighbors classification also proved to be much faster with very
little loss in accuracy. With the exception of the UGU classifications, all of the
distance metrics used did an excellent job of making the same classifications
as those made on the original input. For the maximum common subgraph and
sample intersection distance metrics, only one misclassification of the node-edge
sample was made (with respect to the classification of the original inputs). These
improvements in efficiency are due to the ability of sampling to retain the proper-
ties of large inputs such as graphs created from web content. As inputs to mining
tasks grow larger and larger, such data reduction techniques become more and

more important to maintain efficient computation.



CHAPTER 5

CLUSTERING LARGE GRAPHS

5.1 INTRODUCTION

Clustering is another common data mining task used widely to create groups
automatically from inputs based on their similarity. That is, given some set of
inputs and a number of clusters, the process assigns the inputs into their most-
likely grouping according to some distance metric. With large graphs, traditional
mining algorithms such as k-means can be modified to use graph distance met-
rics for clustering [2]. Inputs to such problems continue to grow in size, and
techniques to reduce the processing and storage complexity of such inputs is
just as important.

As we have already seen in the previous chapter, web content data are easily
and robustly modeled using graphs. By storing not only elements of the input
(words) but also relationships between them as encoded by their proximity, a
richer representation is possible. Such expressiveness can enable more accurate
data mining, but it can come with a price. Sampling techniques aim to reduce
the size of inputs with minimal loss of representational power.

In this chapter, data collected from a web-accessible news site are clustered
using a k-means algorithm where graphs cluster around a median. This median
is defined as the graph in the cluster with the shortest total distance to all other
graphs in that cluster, and it is meant to be the most representative graph in a

given cluster. Given news articles from over forty subcategories, we will see that
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we can accurately cluster them into seven broader categories using large input
proxies.

Previous experiments have shown the hybrid node-edge sampling method to
more accurately retain the relative similarities of graphs as compared to the
random walk as implemented, and so it is the sampling method of choice for
these clustering experiments. Also, the three most successful distance metrics
are used — maximum common subgraph, minimum common supergraph, and

the sample intersection distance.

5.2 RELATED WORK

There are several approaches to clustering, but they all rely on some notion of
similarity or distance between inputs. There exist both top-down and bottom-
up methods that assume all inputs are in the same cluster and break them up
into subsets or assume that all inputs are in their own clusters and combine
them into supersets [59]. Agglomerative or divisive methods fall into the category
of hierarchical clustering methods [60], but the approach used for clustering in
this chapter is an iterative partitioning method known as k-means. An excellent
overview of various clustering techniques is provided in [61].

There exist many types of inputs for clustering which themselves contain an
array of element types from continuous and discrete numeric value to nominal
and other ordinal values. Graph clustering is often thought of as partitioning a
single graph into distinct clusters, but this chapter focuses on clustering mul-
tiple graphs into distinct clusters. Other work has focused on this task of clus-
tering several graphs [51, 29, 2], and it has been shown to be an expensive one
because of the cost in calculating the distance or similarity between different
graphs. SLIP reduces both the space and time requirements for the clustering

task.
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5.2.1 CLUSTERING WEB CONTENT

Clustering is a data mining technique which attempts to create categories or
groups into which inputs are separated. Given some number of inputs, the
problem involves coming up with a way to decide which should be grouped
together according to some sort of similarity metric. Graphs are very expres-
sive, and have been shown to outperform other means of web content mining
representation such as various vector models [2]. Indeed, the larger the graph is
allowed to grow to represent the document, the better it performs. This increase
in size comes with a cost, and the sampling techniques used here attempt to
take advantage of the expressiveness of the graph while greatly reducing the
computational expense.

A common algorithm used to solve the clustering problem is k-means, and
this chapter focuses on extending an adapted k-means clustering algorithm on
graph data introduced in [2]. Given some number of groups k into which we want
to separate the inputs, the algorithm repeats a process of assigning inputs to the
cluster in which its representative is closest. For graph data, these experiments
use the notion of a median graph of group to select a representative of the cluster.
Similar to the k-mediod clustering in the vector model, the median graph is
the graph that minimizes distance to all other graphs in that cluster and is
therefore considered representative. In addition, a more globally optimal seeding
of initial medians is used in improve the clustering performance. More details
are provided in section 5.6. The data set is overviewed in the next section, and a
review of the sampling methods and distance metrics is provided in Section 5.4

and Section 5.5.
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5.3 DATA SETS

The data for these experiments come the Yahoo! News website [62]. Like many
other news sites, Yahoo! uses a hierarchical structure to organize the news arti-
cles. For each broader category, several more specific subcategories exist. Each
subcategory contains as few as five and as many as one hundred recent news
articles on the subject. News articles across 7 general and 42 subcategories were
downloaded from the Yahoo! News website. Each category along with an abbre-
viation is listed in Table 5.1, and the subcategories along with its Yahoo! general

category is listed in Table 5.2.

Category Abbreviation
United States (BN}
Business B
World w
Entertainment E
Sports Sp
Technology T
Science Sc

Table 5.1: News Article Categories from Yahoo! News

Each subcategory of data used in these experiments contains as few as 8 and
as many as 40 articles. For each subcategory, the articles are aggregated into a
single input, and these inputs are the basis for the graphs that are generated
for clustering. The same process used previously to generate the graphs is used.
Stop words are removed from the text, and nodes are created from the remaining
words. Edges are added according to proximity. The proximity parameter for
these experiments is 3, but this can be adjusted to create more or less dense
graphs. Because the graphs are relatively small compared to the newsgroup data,

sample sizes of 50% are used here.



Economy (B)

Education (US) Movies (E) Football (Sp)
Religion (US) Music (E) Basketball (Sp)
Politics (US) Television (E) Baseball (Sp)

Crimes/Trials (US) Industry (E) Soccer (Sp)
Books (E) Hockey (Sp)

Markets (B) Celebrity (E) College (Sp)
Earnings (B) Fashion (E) Tennis (Sp)

Golf (Sp)
Motor Sports (Sp)

Space (Sc)

Mideast (W) Personal Tech (T)
Europe(W) Communications (T)
Latin America(W) Software (T) Weather (Sc)
Africa (W) Apple/Mac (T)
Asia (W) Open Source (1) Animals (Sc)
Asia (W) Internet (T) Biotech (Sc)
Canada (W) Energy (Sc)
Australia (W) Environment (Sc)

100

Table 5.2: The 41 news subcategories grouped into the seven general categories
from Yahoo! News. The inputs will be clustered into seven groups in order to see

how well they recreated the Yahoo! assigned clusterings.
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All inputs (graphs composed of all articles of a subcategory) will be clustered
into seven groups, and the performance of the k-means algorithm on both the
original inputs and the samples will be compared to the Yahoo! categories. One
might imagine we would hope to see perfect clustering with the original graphs
as well as with the proxies. That is, we would like to see that all of the Sports
subcategories are grouped to together while all of the Politics subcategories are
grouped together. However, what we are again aiming for with these experiments
is to reproduce the clusterings of the original inputs with the proxy inputs. The
seven categories provided are user-supplied, and they may or may not represent
the best actual labels for the individual articles. Also, it is frequently the case
that articles belong to multiple categories because of their subject. Such issues

are important, but they are reserved for future work.

5.4 SAMPLING METHODS

The method for sampling the input graphs is the same hybrid node-edge random
sampling technique defined previously as a two-step process that randomly
selects some number of randomly selected edges from the input graph’s edge list
(see Algorithm 4). For each edge selected, the source and target nodes are added
to the sample graph. This is repeated until the required number of nodes is
reached. Then, for each node in this subgraph, each adjacency list is examined.
If the destination node for an edge in this list is not in the sample’s node list, that
edge is removed from the source node’s adjacency list. This method performs
well for maintaining the structure for different types of graphs, and we will see

that it does well for the smaller graphs created from the news data.
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5.5 DISTANCE METRICS

Several classes of distance measures for graphs exist, but the ones used in these
clustering experiments are the maximum common subgraph, minimum common
supergraph, and the sample intersection distance. The sample intersection dis-
tance is meant to be a rough estimate of the maximum common subgraph metric
while the minimum common supergraph measure incorporates notions of the
intersection and union of the graphs. For the much larger graphs created from
the newsgroup data, these three provided the most variety in performance while
maintaining accuracy and so have been chosen as the metrics for the clustering.
More details on each of these may be found in section 4.4 in chapter 4.

Again we are initially concerned with the ability of the distance metrics to
maintain relative distances between the various subcategories of news articles.
Changes in relative distance between the original inputs and the proxies are
presented in table 5.5, and a visualization of this data is provided in figure 5.1.
Full distance data for each metric is provided in Appendix B.

We see that the majority of the changes in distance rankings are relatively
small for all distance metrics. While minimum common supergraph has the
most pairs of inputs whose relative distance rankings does not change, max-
imum common subgraph seems to preserve relative ordering better overall. The
sample intersection distance metric has a much thicker tail as it does not do
as accurate of a job in preserving relative ordering in the proxies. While all
metrics do a good job of maintaining distances, we would expect to see the
maximum common subgraph and minimum common supergraph allow more
accurate clustering of the proxies based on these rankings. With evidence that
the graph proxies maintain the relative distances between each other, we may
now compare the clusterings of the proxies as compared to the clusterings of the

original inputs.



Ranking Change Max Min SID Ranking Change Max Min SID

0] 378 387 262 15 5 6 20
1 350 328 245 16 4 10 16
2 271 238 176 17 4 4 19
3 190 179 179 18 1 4 12
4 125 158 153 19 1 2 14
5 109 111 102 20 1 2 8
6 80 80 94 21 1 1 10
7 65 71 92 22 1 0] 4
8 51 41 79 23 1 0 3
9 30 34 72 24 0] 1 8
10 21 31 56 25 0 1 4
11 28 29 41 26 0] 0] 2
12 26 19 37 27 0] 0] 2
13 6 15 30 28 0] 0] 1
14 15 12 21

Table 5.3: Changes in Relative Distance Ranking from Original to Proxy
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5.6 CLUSTERING EXPERIMENTS

Clustering is performed using a version of k-means that relies on the notion of
a graph median. This median of a cluster is defined as the graph whose total
distance to all other graphs in the cluster is the minimal of all such graphs in

the cluster.

VgeG Y d(g,9:) (5.1)

Other notions of the center of a cluster of graphs exist such as finding the
mean graph of a cluster. This could be defined as the largest subgraph of all
graphs in the cluster, but finding such a graph becomes inordinately expen-
sive as the number of inputs and cluster sizes grow. The graph median is used
because of its relatively efficient calculation compared to such a process.

The initial clusters in k-means are often randomly populated, and the clusters
are allowed to evolve from there. Such a random assignment often leads to local
optima because the best representative graphs are not chosen as initial medians.
The algorithm used here is a graph-based version of the global k-means method
introduced by [63]. This attempts to find the best seeds as medians for the clus-
ters before the clustering begins in earnest, and it has been shown to provide as
good and often better clustering results.

Using this definition of median and various distance metrics d(g, g;) between
two graphs, the k-means algorithm used is in Algorithm 6:

As mentioned previously, the k-means algorithm can suffer when the clus-
ters are initialized randomly. Performance can vary from run to run, and global
optima are not guaranteed. A global k-means algorithm adapted to graph clus-
tering attempts to find the best median graphs for each cluster before the clus-

tering process begins to iterate. It is presented in algorithm 7.
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Algorithm 6: K-means for Graph Clustering

Input: Set of Graphs G, k£ number of clusters (Cy)
Output: Set of clusters () containing all elements of G
Find initial cluster medians (Algorithm 7)

for cluster c e (), do
select random graph g¢; from G as median of cluster
end
while some g; assigned to new cluster do
for g, ¢ G do
Assign to cluster ¢ to which distance to median is shortest
end
for eachce C) do
Calculate new median of cluster
end
end
return C},

Algorithm 7: Initializing clusters with optimal seeds

Input: Set of Graphs G, k£ number of clusters (C})
Output: Set of cluster medians (), containing median seed graphs for all
clusters
Initialize median of first cluster to median of all graphs in G
for successive cluster c € C}, do
for each graph g ¢ G do

if Zmax(difl —d(i,7)*,0) > all other g; then

mark Ji
end
end
set marked ¢; as median for cluster &
end
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To measure the performance of clustering, two measures are used that
attempt to measure how well the clusters match the original groupings as well
as how compact and well-separated the clusters are. First the Rand index mea-
sures the quality of the clusters by comparing the number of agreements and
disagreements [64]. For all pairs of inputs, if the two graphs are in a cluster
when they are supposed to be or not in a cluster when they are not supposed
to be, then it counts as an agreement. Otherwise, if two inputs end up in a
cluster together when they were not originally or end up in different clusters
when they were together originally, it counts as a disagreement. The index is

given in formula 5.2.

A
B=77D

(5.2)

The Dunn index provides a sense of how well the clusters are constructed by
considering how compact and separate they are [65]. In formula 5.3, d,,;, is the
minimum distance between the two closest inputs not in the same cluster while

dmq. 1s the maximum distance between two inputs in the same cluster.

dmaa:

Both indexes are provided for both the original inputs as well as the 50%

samples to compare performance.

5.7 RESULTS

The clusterings produced are presented in Tables 5.5 and 5.6. These are based
on the original graphs as well as 50% node-edge samples using three distance
metrics. The k value for all experiments is set to 7 as this is the number of

Yahoo! general news categories. Further work could investigate the optimality
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of different cluster sizes with respect to various measures of clustering perfor-
mance.

Both the original and the sample methods do an excellent job of clustering.
The indexes summarized in Table 5.4 indicate that not only do the original
graphs accurately represent the information contained in the news articles but
that the proxies themselves also do a very good job in retaining that struc-
ture with very little if any sacrifice in clustering ability. The minimum common
supergraph performs the best with the original input, but the maximum common
subgraph’s performance with the sample barely beats out the minimum common
supergraph for best performance with respect to the Rand index. We also see
that while the sample intersection distance does not perform poorly, it does do
measurably worse than the other metrics. This can be attributed at least in part

to the size of the input graphs.

Rand Dunn
Distance Metric Original Sample | Original Sample

Max Common Subgraph 0.9047 0.9005 | 0.8619 0.8923
Min Common Supergraph 0.9125 0.8955 | 0.9119 0.9359
Sample Intersection Distance | 0.8487 0.8676 | 0.8812 0.9259

Table 5.4: Cluster performance indexes for Yahoo! News graphs and their proxies
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We saw very good success with the SID metric in the classification task of
the newsgroups, but this may be attributed to the much larger size of those
graphs. Because SID is meant as a fast approximation of the maximum common
subgraph, we might expect it to perform better on more robust graphs. With
these inputs, however, the graphs are significantly smaller, and the randomly
chosen edges from these sets of much smaller edge lists do not seem to perform
as well. We might expect a higher sample rate in the sample intersection distance
metric to provide better results.

In all three cases, the proxies provide tighter clustering according to the Dunn
index. Because this index is relative to the distances between the graphs, it
must be interpreted with care. In tables 5.7 and 5.8, we see the pairs of graphs
whose distances were used to create the Dunn index for both the originals and
the proxies. For the originals, we see that the closest graphs not in the same
cluster are actually graphs that are in the same Yahoo! categories. The Movies
and Entertainment Industry categories are placed into separate categories with

the original inputs, but two of the proxies actually group them together.

Closest Graphs Most Distant
Distance Metric Not in Same Cluster in Same Cluster
Max Common (Movies, eIndustry) (Soccer, Open Source)
Min Common (Movies, eIndustry) (Soccer, Open Source)
Sample Intersection | (Movies, elndustry) (Tennis, Biotech)

Table 5.7: Closest and Most Distant Original Graphs Used in Dunn Index

It is interesting that the samples appear to provide tighter clustering. It is
difficult to make an absolute comparison between the original inputs and the
proxies with respect to the Dunn index values, though, because the distance

values between these two sets of differently sized graphs are different. That is,
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generally speaking, the distances between any two proxies is larger than the
distance between the same two original inputs. This slight change makes it more
difficult to compare, but we can still see that the proxies provide good clustering.
In fact, they may even provide better clustering in some cases as evidenced by
the closest graphs not in the same cluster. Extensions of this work might analyze
the ability of such proxies not only to improve efficiency but accuracy (discussed

in section 6.2).

Closest Graphs Most Distant
Distance Metric Not in Same Cluster in Same Cluster
Max Common (Comm, Earnings) (Soccer, Open Source)
Min Common (Comm, Earnings) (Canada, Latin)
Sample Intersection | (Movies, elndustry) (Mideast, Biotech)

Table 5.8: Closest and Most Distant Proxy Graphs Used in Dunn Index

5.8 CONCLUSIONS

With graphs ranging in size from hundreds to tens of thousands of nodes (and
several times that many edges) modeling web content, random sampling helps to
reduce the computational requirements with no great loss in accuracy for various
data mining tasks. Computing the similarity between two graphs requires an
examination of the node and edge sets, and even for a labelled graph it remains
an expensive calculation. Using SLIP, the relative distances between graphs is
preserved in much smaller proxies for use in clustering. Using a collection of
Yahoo! News articles, it has been shown that the proxies cluster virtually as well
as the original inputs. For the sample intersection distance metric, performance
actually improved. Such effective reduction in processing requirements is crucial

in handling the large amounts of data we face on the web and from other sources.



CHAPTER 6

CONCLUSION

6.1 SUMMARY

Proxies for large inputs are extremely useful in situations where processing the
original inputs is simply infeasible because of time or storage requirements. Sam-
pling for large input proxies (SLIP) provides a general framework to reduce the
size of inputs while maintaining inherent structure as reflected in problem spe-
cific features. A comparison of the enumerated PSF’s for both the original and
the proxy inputs of two specific input types across four different applications
shows that SLIP is able to create proxies that retain identifying structure very
well.

First, sortable permutations of various sizes and in various stages of sort-
edness were created and sampled. Various features of sortedness such as the
number of inversions were compared to show that the proxies share a similar
structure with respect to the sorting problem. The proxies were then used in two
related sorting problems — sorting algorithm selection and Shellsort increment
set selection. For both, SLIP produces proxies that do a good job of predicting
the best algorithm or increment set to use for a given input. Both problems also
shared an interesting range of inputs where SLIP occasionally predicted incor-
rectly. This class of inputs was typically in between sorted and random, and
the inaccuracy stems from the varying overhead of sorting algorithms for dif-
ferent sized inputs. For such algorithms, speed is as much a function of size as

the problem specific features, and SLIP produces small enough proxies that poor
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predictions sometimes occur. Overall, though, the best algorithms and increment
sets are predicted accurately because the features of sortedness are maintained
in the proxies.

SLIP also does an excellent job of preserving problem specific features related
to classification and clustering of large graphs. Specifically, various measures of
distance were calculated for graphs created from two different corpora of web
content. In both cases, nodes were created based on words, and these nodes
were linked by edges based on word proximity. Two distinct data sets were used
to test SLIP’s robustness with respect to graph size for the classification and
clustering tasks. The first data set consisted of the text of twenty newsgroups,
and they produced very large graphs on the order of tens of thousands of nodes.
The second set consisted of the text of collected news articles from 41 categories
of Yahoo! News. These 41 are hierarchically categorized into seven more general
categories.

For the very large graphs of newsgroup data, two sampling methods were used
to create proxy inputs of various sizes. For each, five different metrics of graph
distance were calculated between each original graph and between each proxy
graph. Larger sample sizes naturally produced more accurate retention of these
relative distances, but even relatively small proxy graphs did a very good job of
approximating the problem specific feature. For the 30% sample, classification
was extrememly accurate as compared to the same classification for the original
inputs using the k-nearest neighbors algorithm. Maximum common subgraph
and its related metrics performed extremely well while all of the proxies were
classified accurately with a significant gain in performance.

The Yahoo! News graphs are smaller with respect to graph size, but they cover
many more categories and were more dynamic as their major subjects might

change from week to week. Proxies were created, and the relative graph dis-
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tances varied little from original inputs to proxies. Both the original and the SLIP
proxies were clustered using the k-means algorithm, and the samples were very
accurate considering the size reduction. Several distance metrics were tested
with respect to different clustering performance indexes, and the samples some-
times even outperformed the original outputs. For both the very large graphs
created from the newsgroup data and the smaller graphs created from the larger
variety of Yahoo! News articles, SLIP created reliable proxies that could be used

in classification and clustering tasks very effectively.

6.2 FUTURE WORK

There are several potentially interesting extensions of this work. For algorithm
selection, there are several problems with a variety of solutions which vary in
performance depending on problem specific features. For example, potential
applications in selecting the best SAT ! solver heuristics were examined, but
the sampling techniques used proved not robust enough to capture the problem
specific features of the SAT problem which determine algorithm performance.
SLIP appears to be a good candidate for problems whose inputs are not brittle in
the sense that somewhere in a very large input is a single element or small set
of elements which ultimately determine how hard the instance is. These sorts
of problem specific features are more difficult to capture with random sampling
because sampling is not necessarily the best approach to find PSF’s not inherent
throughout an input’s structure but rather isolated to one element. Other algo-
rithm selection problems include choosing machine learning techniques such

as different classifiers that take the same types of input. SLIP could be used to

IThe satisfiability problem of deciding whether a particular Boolean expression has a
satisfying truth assignment
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determine at run-time which technique could provide the most accurate results
before exhaustive training and testing on full inputs.

Sampling issues include a thorough theoretical analysis of sample size where
size can take on two meanings. First, how large should the proxy be as a per-
centage of the original input? Second, how many such proxies must be taken to
achieve a certain confidence in a variety of problem specific features? Another
sampling issue is the application of stratification in various sampling techniques
that may potentially reduce the variance and necessary sample sizes of different
parts of the population (here roughly defined as a single large input).

For web content mining, SLIP already does an excellent job of approximating
the classifications and clusterings of the original inputs. It was noted, however,
that there appeared to be cases where the samples may have actually outper-
formed the original data. In these instances, SLIP may actually help to reduce
noise in inputs to filter them into more representative inputs whose similari-
ties and differences are even more pronounced. An experimental and perhaps
theoretical analysis of these cases would certainly be worth pursuing.

In addition, the sample intersection distance metric appears to perform well
across many cases, but there remain some open issues. The algorithm as defined
simply chooses an input graph from which to draw all edges, and it then checks
for their existence in the other graph. The selection of the source graph could
have a significant impact on the eventual distance metric, and various adap-
tions could be explored including randomly choosing a graph for each iteration
through the algorithm. Also, the idea of one-way distance is interesting. More
specifically, the sample intersection distance metric enables one graph to see
another as relatively close, but the second graph does not see the first as close.

This defies the identity property of a good distance metric, but it may serve as
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the basis for interesting experiments in data mining tasks such as classification
and clustering.

Other input types are candidates for sampling for proxies as well. Graphs
created from other sorts of data such as citation networks, peer-to-peer net-
works, networks of linked web pages, or even graphs created from plain text in
ways other than word proximity could potentially provide more evidence of the
robustness of SLIP as well as open up new application areas. Beyond graphs and
sortable permutations, though, the types of inputs which are candidates for SLIP
would only seem limited by the types of inputs used throughout computation.

SLIP has been shown to greatly improve efficiency for a variety of computa-
tional tasks ranging in inputs from permutations of sortable keys to very large
graphs. As the flow of data continues to feed the increased sizes of inputs to prac-
tically any problem, techniques such as sampling for large proxy inputs become
extremely important to solve problems efficiently when approximations will suf-
fice. Exhaustive processing is not only infeasible but often unnecessary, and
SLIP provides a way to reduce the computational load by creating structurally
similar proxy inputs whose problem specific features approximate those of the

original inputs.
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