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Abstract
With the remarkable growth of information obtainable to end 
users through the web, search engines come to play ever a more 
significant role. The search engines sometimes give disappointing 
search results for lack of any classification of search.  Credibility 
of information should be a key-metric for search page results. 
Existing search algorithms, such as Object Rank and personalized 
Page Rank are used to provide high quality, high recall search in 
Web databases but they have huge computation overhead over full 
graph and are not feasible at query time. Later, BinRank system was 
developed that approximates Object Rank a result was developed 
earlier. BinRank generates the materialized sub graphs(MSG) 
by partitioning all the terms in the corpus(information results) 
based on their co-occurrence, and then executing Object Rank for 
each partition using the terms to generate a set of random walk 
starting points, and keeping only those objects that receive non-
negligible scores. But the limitations of Object Rank concerning 
the query time still persists. In proposed system, we use HubRank 
a Query optimization and index management technique especially 
for graphs as an alternate to Object Rank. Along with the hub 
rank, we use bin rank. A subgraph contains all objects and links 
relevant to a set of related terms should have all the information 
needed to rank objects with respect to one of these terms. This 
approach achieves better results than existing search techniques. 
So, the proposed system reduces the query time and has significant 
performance boost over smaller graphs such as MSG.
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I. Introduction
Web is huge and expending day by day and users generally rely 
on search engine to discover the web. In such a situation it is the 
responsibility of service provider to provide proper, significant 
and quality information to the internet user against their query 
submitted to the search engine. It is a challenging issue for service 
provider to provide proper, appropriate and quality information to 
the internet user by using the web page  contents and hyperlink 
between the web pages.
Search is maturing to take advantage of taggers, annotators and 
extractors that associate entities and relations (ER) with text. A 
very useful search paradigm that has surfaced in many forms 
recently is proximity search or spreading activation. In general, 
fully offline static ranking is not feasible in this application 
domain, because the match predicates can be diverse, even if 
limited to words.
Spreading activation has been proposed for searching in graphs 
for over a decade. ObjectRank was among the first large-
scale implementations of proximity search. In ObjectRank, a 
personalized page rank vector (PPV) is precomputed for each word 
in the corpus vocabulary and stored in decreasing order of node 
scores. Object- Rank supports a few monotone score-combining 
functions for multi-word queries. A multi-word query is executed 
by an efficient merge of per-word PPVs. Precomputing a million 
PPVs will take too long, even though ObjectRank uses some 

clever tricks to reduce PPV computation time for “almost-acyclic” 
graphs. The public ObjectRank demo appears to maintain a disk 
cache of word PPVs which are used as and when possible.
In this paper, we use HubRank a Query optimization and index 
management technique especially for graphs as an alternate to 
Object Rank. A subgraph contains all objects and links relevant 
to a set of related terms should have all the information needed to 
rank objects with respect to one of these terms. Along with the hub 
rank, we use bin rank which generates the materialized sub graphs 
(MSG) by partitioning all the terms in the corpus (information 
results) based on their co-occurrence, and then executing Object 
Rank. ObjectRank extends PageRank to perform keyword search 
in databases. ObjectRank uses a query term posting list as a set 
of random walk starting points and conducts the walk on the 
instance graph of the database. BinRank query execution easily 
scales to large clusters by distributing the sub graphs between the 
nodes of the cluster. We use HubRank a Query optimization and 
index management technique especially for graphs as an alternate 
to Object Rank. This reduces the query time and has significant 
performance boost over smaller graphs such as MSG.

II. Related Work
The issue of scalability of personalized pagerank [8] (PPR) 
has attracted a lot of attention. PPR performs a very expensive 
fixpoint iterative computation over the entire graph, while it 
generates personalized search results. To avoid the expensive 
iterative calculation at runtime, one can naively precompute 
and materialize all the possible personalized PageRank vectors 
(PPVs). Although this method guarantees fast user response time, 
such precomputation is impractical as it requires a huge amount 
of time and storage especially when done on large graphs. 
Soumyadeb Mitra [3] has proposed a technique to update an 
inverted index based on merging of the posting lists of terms. 
He has evaluated jump index, which is an efficient index for join 
queries. Jump indexes perform insert and lookup operations on 
number of indexed documents.
Ndapandula Nakashole [4] has pointed to the issue of indexing 
the web documents in digital libraries so as to help the search 
engine to result with relevant documents much ahead of irrelevant 
documents in response to user query. He has mentioned that web 
search engine spiders often do not completely index data stored 
in digital libraries. He has presented a distributed architecture for 
indexing to provide search services within digital libraries.
Joseph Sack [5] has presented full text indexes that are compressed 
index structure comprised of tokens from the indexed textual 
data. In SQL Server 2005 there are two internal components that 
are used to generate and process full text functionality. One of 
the modules is used to extract the textual information from the 
document, removing the non-textual data and retaining meaningful 
words and phrases. SQL Server 2005 has a number of commands 
to create, modify and remove full text catalog and index objects. 
However, very less information is available about the algorithm/
technique that is being used to do all this. 
Frederik Transier 6] has indicated that the most popular data 
structure for text search engines is the inverted index. However, 
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it is more resource expensive to answer/satisfy a phrase query 
using these inverted indexes. So, he has proposed a technique in 
which extra selected phrases are added to the existing index so as to 
speed up the resolution of phrase queries on inverted indexes.
L. Huilin [7] has designed an efficient crawling strategy for 
focused search engine having two components; filtering and link 
forecasting. First component filter out the irrelevant documents 
from already fetched list of documents and the second component 
envisage the best matched links form related documents to assign 
them to crawler for further downloading.

III. Object Rank
ObjectRank performs top-k relevance search over a database 
modeled as a labeled directed graph. The data graph models objects 
in a database as nodes, and the semantic relationships between 
them as edges. In ObjectRank, the role of edges between objects 
is the same as that of hyperlinks between Web pages in PageRank. 
For a given query, ObjectRank returns top-k objects relevant to the 
query. ObjectRank query processing can be illustrated using the 
random surfer model. A random surfer starts from a random node 
vi among nodes that contain the given keyword. These random 
surfer starting points are called a base set. 
For a given keyword t, the keyword base set of t, consists of 
nodes in which t occurs. Note that any node in G can be part of 
the base set, which makes ObjectRank support the full degree of 
personalization. At each node, the surfer follows outgoing edges 
with probability d, or jumps back to a random node in the base set 
with probability At a node v, when it determines which edge to 
follow, each edge e originated from v is chosen with probability 
denotes the number of outgoing edges of v whose edge types are 
the same as t.

IV. Hub Rank
HubRank is a search system based on ObjectRank that improved the 
scalability of ObjectRank by combining the above two approaches. 
It first selects a fixed number of hub nodes by using a greedy hub 
selection algorithm that utilizes a query workload in order to 
minimize the query execution time. Given a set of hub nodes H, 
it materializes the fingerprints of hub nodes in H. At query time, 
it generates an active subgraph by expanding the base set with 
its neighbors. It stops following a path when it encounters a hub 
node whose PPV was materialized, or the distance from the base 
set exceeds a fixed maximum length. 
HubRank recursively approximates PPVs of all active nodes, 
terminating with computation of PPV for the query node itself. 
During this computation, the PPV approximations are dynamically 
pruned in order to keep them sparse. As stated, the dynamic 
pruning takes a key role in outperforming ObjectRank by a 
noticeable margin. However, by limiting the precision of hub 
vectors, HubRank may get somewhat inaccurate search results. 
Also, since it materialized only PPVs of H, the efficiency of query 
processing and the quality of query results are very sensitive to 
the size of H and the hub selection scheme. 

V. BIN Construction
We construct a set of MSGs for terms of a dictionary or a workload 
by partitioning the terms into a set of term bins based on their 
co-occurrence. We generate an MSG for every bin based on the 
intuition that a subgraph that contains all objects and links relevant 
to a set of related terms should have all the information needed 
to rank objects with respect to one of these terms. There are two 
main goals in constructing term bins. First, controlling the size of 

each bin to ensure that the resulting subgraph is small enough for 
ObjectRank to execute in a reasonable amount of time. Second, 
minimizing the number of bins to save the preprocessing time. 
To achieve the first goal, we introduce a maxBinSize parameter 
that limits the size of the union of the posting lists of the terms in 
the bin, called bin size. ObjectRank uses the convergence threshold 
that is inversely proportional to the size of the base set, i.e., the 
bin size in case of subgraph construction. Thus, there is a strong 
correlation between the bin size and the size of the materialized 
subgraph. The value of maxBinSize should be determined by 
quality and performance requirements of the system.

A. Query Processing Overview
At startup, our system preloads only the entity nodes N (including 
the sink node s). This would be impractical for Web-scale data, but 
is reasonable for ER search applications. Only the graph skeleton 
is loaded, costing us only about eight bytes per node and edge. 
Entity graphs with hundreds of millions of nodes and edges can 
be loaded into regular workstations.
Given a keyword query to execute, we instantiate the query words 
as nodes in W and attach each word node to the entity nodes 
where the word appears. This gives us a setup time not too large 
compared to IR engines. To answer the query, we need the PPVs 
of the nodes corresponding to the query words.
A total teleport mass of 1 first reaches the word nodes, and then 
diffuses out to N. Every node on the way attenuates the total 
outflow of Pagerank by a factor α < 1. Therefore, we expect the 
effect of distant nodes on a word PPV to be decay rapidly. We stop 
expanding the active subgraph at two kinds of boundary nodes: 
blocker2 nodes B ⊂ H whose PPVs have been precomputed and 
stored, and loser nodes that are too far from the word nodes to 
assert much influence on the word PPVs.

VI. Proposed System
In this section, we discuss about hub selection which uses the bin 
rank mentioned in the above section. Here, hubs are nothing but 
node entities. Proposed system resolves
 We wish to minimize the average time taken to compute PPVs for 
all active nodes over a representative query mix. PPV computation 
time is likely to be directly related to the number of active nodes, 
but the connection is not mathematically predictable. Even if we 
were to make simplifying assumptions (such as a fixed number 
of iterations), the problem of picking the best subset reduces to 
hard problems like dominating set or vertex cover. Even quadratic 
or cubic-time algorithms on CiteSeer-scale graphs may be 
impractical. Therefore we turn to efficient and reasonable near-
linear-time heuristics.
An indirect approach is to try to arrest active graph expansions 
with blocker nodes as quickly and effectively as possible. I.e., 
we want to pick a small number of hub nodes that will block 
expansions from a large number of frequent query word nodes. If 
a node is a good hub, it will be reachable along short paths from 
frequent query word nodes. This leads to the greedy hub ordering 
approach shown in fig. 1, it might be regarded as a fast if crude 
approximation to the push step.
When a keyword query is submitted, we perform an expansion 
process similar to that in fig. 1 to collect the active nodes A, 
except that we also identify blocker nodes B ⊂ H whose FPs 
have been indexed, and loser nodes ` which are so distant from 
the originating node w that even the largest element of PPV(l) is 
unlikely to influence PPV(w) much. 
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Fig. 1: Greedy Estimation of a Measure of Merit to Including 
Each Node Into the Hub Set

As in earlier work on local Pagerank computation we judge if 
PPV is “unlikely to influence” PPV much via a heuristic. Ideally, 
we should check if the conductance from u to v is small, but that 
amounts to solving part of the PPV estimation problem (which 
is what BCA does). 

VII. Performance
Effect of increasing cache size. Average query time for HubRank 
drops steeply as the FP cache size increases. For our testbed, the 
steep decrease happens right around the same size as the Lucene 
text index. But long before the “knee” is reached, HubRank times 
are less than 1/12 th that of Object Rank.

In this paper, Smoothing. Shows the beneficial effects of work 
load smoothing on accuracy and speed. Smoothing ensures that 
hubs are picked reasonably close to word nodes that do not even 
appear in the training query log. This improves both speed and 
accuracy.

VIII. Conclusion
In this paper, we use HubRank a Query optimization and index 
management technique especially for graphs as an alternate to 
Object Rank. A subgraph contains all objects and links relevant 
to a set of related terms should have all the information needed 
to rank objects with respect to one of these terms. Along with the 
hub rank, we use bin rank which generates the materialized sub 
graphs(MSG) by partitioning all the terms in the corpus(information 
results) based on their co-occurrence, and then executing Object 
Rank. ObjectRank extends PageRank to perform keyword search 
in databases. ObjectRank uses a query term posting list as a set 
of random walk starting points and conducts the walk on the 

instance graph of the database. BinRank query execution easily 
scales to large clusters by distributing the subgraphs between the 
nodes of the cluster. we use HubRank a Query optimization and 
index management technique especially for graphs as an alternate 
to Object Rank. This reduces the query time and has significant 
performance boost over smaller graphs such as MSG.
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