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Abstract: World Wide Web is the source of enormous information and we have many numbers of means to
understand it. There are number of algorithms that are developed to extract these data from the pool of Web.
There are mainly two algorithms which are used for webpage ranking. They are HITS and pageranking. HITS
focuses on mutual reinforcement between authority and hub webpages, while PageRank focuses on hyperlink
weight normalization and web surfing based on random walk models. In the earlier pagerank algorithm for
enhancing the quality of the search-results a single page rank vector was used. For more accuracy of the results
then further onwards the set of vectors was used. The users interest, knowledge creates the importance of the
webpages. When the webpages are rated objectically or mechanically then it is termed as pageranking. We can
construct page ranking on the large subgraph with the limited memory with them. Web can be considered as
graph where pages are nodes and edges can be termed as hyperlinks. Here we discuss some methods of
converging pageranking based on ordering of pages. Here pageranking is compared to idealized random surfing
of net.

Keywords: Page Rank, Markov chains, HITS, decomposition, aggregation/disaggregation.

l. INTRODUCTION

The network structure provide enormous source of information regarding our queries in such a way that
we can understand it quiet easily. It is very vast and collection of different pages. The variation of pages is more
worse than raw scale of the data. Number of pages have been drastically increased and doubled itself to 800
million pages. For such a work we need to apply some of the algorithms to extract the data from such a pool of
knowledge. WWW is a summation of lot of complexity and its phenomenal rate continuously expands. There
are certain types of queries:
¢+ Specific queries. E.g., “Does Netscape support the JDK 1.1 code-signing API?”
<+ Broad-topic queries. E.g., “Find information about the Java programming language.”
<+ Similar-page queries. E.g., “Find pages “similar' to java.sun.com.”

Webpages provide free of quality control or publishing cost. There are many ways through which
webpages can be differentiated from each other. To measure out the importance of the webpages Pagerank is
used, it is method for computing the every webpage based on the graph of the web. There are certain
applications of the webpages such as search, browsing and traffic estimation. There are number of problems that
are encountered by pageranking. They are as follows:

No control on content.

e Huge size of web.

e Enormous increase in the size.

e Webpages are not in a proper structure.

Our aim is to discover information sources and to extract the relevant information from them either
entirely automatically, or with very minimal human intervention. There are different ways through which data
could be extracted from the WWW they are as follows:

e Finding relevant information

To find the relevant information people usually browse or use the search specific methods. To search the
information from the network people have to insert the query regarding their search. There are certain problems
regarding the search made. They are low precision and low recall.

e Creating new knowledge out of information available on the Web
This can be considered as sub-problem of the above two problems. Recent research focuses on utilizing the Web
as a knowledge base for decision making.

e Personalization of the information
This is the problem which deals with the type and presentation of the information.
e Learning about consumers and individual users
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This is the problem which deals with the problem of presentation. Sub-problem which lies under this
problem is mass customizing the information to intend consumers or even to personalize it to individual users,
problem related to marketing etc.

Pagerank evaluates the “prestige score” of a page as roughly proportional to the sum of prestige scores
of pages citing it using hyperlinks. Pagerank is preferred widely then HITS as as the query-time cost of
incorporating the precomputed PageRank importance score for a page is low. Generation of pagerank needs the
entire web graph whereas in HITS small subset of the graph is used. The PageRank algorithm precomputes a
rank vector that provides a-priori “importance” estimates for all of the pages on the Web. The idea of biasing the
PageRank computation was for the purpose of personalization, but was never fully explored. This biasing
process involves introducing artificial links into the Web graph during the offline rank computation. PageRank
is a nice solution to evaluate the importance of the nodes of a graph based on the resolution of a fixed point
problem associated to the random surfer model and to the Markov chain associated to the random walk. It is of
natural interest to search for the maximum or minimum PageRank that a node (e.g., a website) can have
depending on the presence or absence of some of the edges (e.g., hyperlinks) in the graph. Another motivation is
that of estimating the PageRank of a node in the presence of missing information on the graph structure.

1. AN S-VALUED MARKOV PROCESS

is an infinite sequence of random variables X = Xo,Xy, . . . € S if S is finite and the probability
function
P satisfies: P(Xys1 = b|Xg = ag, . . . , Xk = ax ) = P(Xks+1 = b|X = ax ) is the same for all k > 0.
Its transition function is  (a, b) = P(Xx+1 = b|Xk = a).
Its initial distribution is ¢ (a) = P(Xo = a).
Usually a Markov chain is defined for a discrete set of times (i.e., a discrete-time Markov chain) although some
authors use the same terminology where "time" can take continuous value.

1.1 Convergence of Markov processes

we review the conditions under which lim,_,,, P(Xy = a)

converges. There s a property in most of the Markov process known as ergodicity.
Period of state Let {X,} be an S-valued Markov process.

The period of a state a € S is the largest d satisfying: (V k, n € N)
P(Xn«=aXx=2a) =>0) d dividesn

If d = 1, then the state a is aperiodic.

Closed subset Let {X} be an S-valued Markov process.

The subset A < Sis called closed subset if va € A, Vb T A) o (a, b) = 0.
Irreducible closed subset Let {X,} be an S-valued Markov

process. The subset A < S is called irreducible closed subset iff A is a closed subset, and no proper subset of A
is closed subset.

Irreducible Markov process Let {X,} be an S-valued Markov process. The Markov process is called irreducible
Markov process iff S is a irreducible closed subset.

Ergodic Markov process An ergodic Markov process is

a Markov process {X} that is both

« irreducible: every state is reachable from every other state.

« aperiodic: the greatest common divisor of the states periods is 1.

1.2 The Markov model of the Web

Consider the hyperlink structure of the Web as a directed graph. The nodes of this digraph represent webpages
and the directed arcs represent hyperlinks
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Fig: Dvirected graph sowing 6 webpages
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The Markov model represents this graph with a square matrix P whose element Pj; is the probability of moving
from state i (page i) to state j (page j) in one time step.

1. HITS ALGORITHM
This algorithm make use of the link structure of the web in order to discover and rank pages relevant
for a particular topic. HITS (hyperlink-induced topic search) is now part of the Ask search engine. This was
developed by Jon Kleinberg. HITS is applied on a subgraph after a search is done on the complete graph. Uses
hubs and authorities to
define a recursive relationship between web pages. Uses hubs and authorities to define a recursive
relationship between web pages. A hub is a page that links to many authorities.

Jon Kleinberg's algorithm called HITS identifies good authorities and hubs for a topic by assigning
two numbers to a page: an authority and a hub weight. These weights are defined recursively.

ALGORITHM

The first step is to retrieve the most relevant pages to the search query. This set is called the root
set and can be obtained by taking the top n pages returned by a text-based search algorithm. A base set is
generated by augmenting the root set with all the web pages that are linked from it and some of the pages that
link to it.

The algorithm performs a series of iterations, each consisting of two basic steps:
Authority Update: Update each node's Authority score to be equal to the sum of the Hub Scores of each node
that points to it. That is, a node is given a high authority score by being linked to by pages that are recognized as
Hubs for information.
Hub Update: Update each node's Hub Score to be equal to the sum of the Authority Scores of each node that it
points to. That is, a node is given a high hub score by linking to nodes that are considered to be authorities on
the subject.
The Hub score and Authority score for a node is calculated with the following algorithm:
1. Start with each node having a hub score and authority score of 1.
2. Run the Authority Update Rule
3. Run the Hub Update Rule
4. Normalize the values by dividing each Hub score by square root of the sum of the squares of all Hub scores,

and dividing each Authority score by square root of the sum of the squares of all Authority scores.

5. Repeat from the second step as necessary.

1.3 Authority Update Rule

Vp, we update auth(p) to be the summation: X7, hub(i)where n is the total number of pages
connected to p and i is a page connected to p. That is, the Authority score of a page is the sum of all the Hub
scores of pages that point to it.

1.4 Hub Update Rule
Vp, we update hub(p) to be the summation:
™, auth(i)where n is the total number of pages p connects to and i is a page which p connects to. Thus a
page's Hub score is the sum of the Authority scores of all its linking pages.
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V. DECOMPOSITION
Decomposition of a matrix as a sum or linear combination of outer product matrices underlies both the
bilinear methods and fundamental concept of matrix rank. The PageRank vector is very long and it is good idea
try to divide it on several components and find each component separately and, after that, find the whole
PageRank vector. The matrix P is represented in block structure for the purpose.

Pll Pln

i = i | =Pwhere N<n. The PageRank vector is
Pnl Pnn
N :(Dll Dzl"'lDN)l

where [ is row vector with dim((7 }) = n, and

Sne

=1

4.1 Block-diagonal case
Lets consider the case when the matrix P is block-diagonal

P00
00 - P

For block | define the perturbed matrix
G =ch+ (] - c)l/n.E,
and let vector [J | be the PageRank of [ such that

[y =10 |G|
Oe=1
4.2 2 x2case
Let us consider the case

P, P

p= ( 11 12>

l:.21 l:.22

U= (Dll U 2)
where Py; and P, are square. The equation can be rewritten as

O (d-P)=0.

The partition of P was considered in. Assume that P is irreducible. Hence, I-P is an singular and irreducible, the
non-trivial leading principal submatrix. I— Py; is non-singular.

V. AGGREGATION/DISAGGREGATION
When power method is used for finding PageRank different components of the PageRank vector can
converges with different speed. And while the appropriate accuracy is achieved for some components we have
to continue computation to reach a good accuracy for components converging slowly.
Aggregation/disaggregation methods are based on the idea. Partitioning of a Google matrix is used

Gp Gz Gy
G = G2y : G2 . G?N
Gni Gnz -+ Gy

Aggregation/disaggregation can be classified into the following three types:

1.5 Exact Aggregation/Disaggregation

Aggregation/disaggregation method is an improved form of pagerank algorithm. The aggregation
algorithm computes the components of [ as stationary distributions of smaller matrices.
Partition the irreducible stochastic matrix

_ (Pu1 P1z) M
P= (P21 Py, T ”2]

so that P;; and Py, are square.
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ALGORITHM
1. Determine the stationary distribution 6 of s =P, + Poy(I — Pyy) Po.
2. Determine the stationary distribution o of

A= ( Py Pip1 )
- GTP21 GTP221

3. Partition x= (7;1) and setm = (;;1,)

The first two steps of Algorithm can be interpreted as an aggregation because they take place on
‘aggregated’ matrices of smaller size, while the third step represents a disaggregation that produces a long
vector([] of original size.

1.6 Approximate Aggregation/Disaggregation
The approximate aggregation/disaggregation algorithm does away with the time consuming computations
involving the stochastic complement S. The approximate aggregation matrix is

A= ( Py P1 )
“\6"P,; G'P,1
and it differs from the exact matrix A only in the last row.

ALGORITHM
1. Select a vector gwithg>0and 571 = 1.
2. Determine the stationary distribution oof

3 ( Py P51 )
6Py G'Pyl

.. — ®q (ol
3. Partition < = ( 5 ) and setw = ([3 6)
4, Multiply z” = " P
1.7 Iterative Aggregation/Disaggregation (IAD)

The iterative aggregation/disaggregation (IAD) method improves the PageRank algorithm. For simplicity we
view the IAD method as an alternative to the power method rather than an updating algorithm.

ALGORITHM
1. Select a vector 7@ = (7, @ 7, @) with,® >0
2. Dok=1,2...
@ Normalize
50 = 7, k=D

[, k-1

P; P;1
i i istribution oc® of AG) = (11 12 )
() Determine the stationary distribution <) of A% = ([c(k)]P21 [609]7P,,

(© Partition

k (k)
oK)= (wl( )), and set 0™ = (w1 )
pk pko'(k)

(d) Multiply [x®]T = [@®]TP

VI. CONCLUSION AND FUTURE WORK

In the new PageRank algorithm, pages have the right PageRank values and the iteration process always
converges to a fixed point. We also described efficient implementation issues of our algorithm. The
implementation of our algorithm does not require a large amount of spatial and computational overhead. The
PageRank algorithm, is related to the concept of finding a canonical vertex ordering. Since a PageRank vector
can be obtained by applying the power method, which simply computes an iterated dot product, vertices
contained in the same block yield equal PageRank values. The quotient matrix can be constructed more
efficiently. The current versions also use dense matrices, but sparse matrices must be used to process large
graphs, e.g., web graphs. Adding sparse matrix support also motivates supporting personalization vectors, where
provided a probability vector, v, the PageRank matrix, S, yielded by applying the PageRank perturbation.
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Acrtificial Intelligence can offer tremendous help. Instead of providing a PCS guarantee, Bayesian approaches
attempt to allocate a finite data budget to maximize the posterior PCS of the selected system. we will investigate
ranking formulas from other IR models such as the Set-based Model to extract

new terminals. We will utilize the structural information within documents to compare our approach to

others, such as, for Web search. We also will investigate the influence of the mutation factor, tree depth, and
population length on the discovery of good ranking functions, considering the use of meaningful terminals and
statistical information.
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