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Abstract
Gradually people are using the internet for different purpose 
and providing complex tasks to the web. Basically during travel 
planning, purchasing through online we give a complex job to web 
where it issue multiple queries repeatedly over a long period of 
time. To better support users in this stage on the internet, search 
engines always keep track of the queries raise by the user while 
searching online. This paper, analyze and study the problem of 
organizing the users queries into different groups dynamically. . 
In our approach, we proposed a method which not only take care 
of textual similarity or time thresholds, but also leverages search 
query logs. We perform different experiments and shows that this 
technique works better than the previous one.
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I. Introduction
Due to the vast grow of information in the web the variety and the 
complexity of tasks that users try to accomplish online dramatically. 
This is because users now pursue much broader informational and 
task-oriented goals such as arranging for future travel, managing 
their finances, or planning their purchase decisions. However, the 
primary means of accessing information online is still through 
keyword queries to a search engine. A complex task such as travel 
arrangement has to be broken down into a number of co-dependent 
steps over a period of time.
The users no need to bother about whether they are searching for 
related data or not. After creating query group, if the user wants 
to search for the information about the bank, then that page shows 
navigation to the user’s query group then he can choose or select 
what he required. Here, time will be saved and there no burden 
on the search engine. If the keyword will match to the existing 
keywords then that page will be navigate the corresponding 
Query Group. To create related query group, he has been used 
Expectation–Maximization (EM) clustering algorithm and three 
graphs, Query reformulation graph, Click graph and Fusion graph. 
Recently they used some algorithms like, Select best query group 
Relevance group Select next node to visit User can get the data 
what he required, depends on the entering keyword in the search 
engine. Users can search in the Query Group for which, minimum 
clicks will be required, and time consumption This paper shows 
how to organize user’s history in the  search engine, means if the 
user search in the search engine, then that user query and URL will 
be stored in the  history log. Query grouping can also assist other 
users by promoting task-level collaborative search. For instance, 
given a set of query groups created by expert users, we can select 
the ones that are highly relevant to the current user’s query activity 
and recommend them to her. Explicit collaborative search can 
also be performed by allowing users in a trusted community to 
find, share and merge relevant query groups to perform larger, 
long-term tasks on the Web.
Organizing the query groups within a user’s history is challenging 
for a number of reasons. First, related queries may not appear close 
to one another, as a search task may span days or even weeks. This 
is further complicated by the interleaving of queries and clicks 
from different search tasks due to users’ multi-tasking [3], opening 

multiple browser tabs, and frequently changing search topics.
To reduce the burden on the users, in this paper  we have created 
the “Query Group” feature. In this group  we store user queries. 
This Query Group having only elated queries and query groups 
will be created with different related queries. For example Several 
users have been searching for banks, then that time a new Query 
Group will be created about bank and another user have been 
searching for Hospitals information then a new Query Group will 
be created automatic and Dynamic fashion. This feature will be 
useful to the users for selecting or searching related queries will 
be reduced.

A. Query Relevance Using Search Logs
We now develop the machinery to define the query relevance 
based on Web search logs. Our measure of relevance is aimed at 
capturing two important properties of relevant queries, namely:

Queries that frequently appear together as reformulations • 
Queries that have induced the users to click on similar sets • 
of pages.

We start our discussion by introducing three search behavior 
graphs that capture the aforementioned properties. Following that, 
we show how we can use these graphs to compute query relevance 
and how we can incorporate the clicks following a user’s query 
in order to enhance our relevance metric. 3.1 Search Behavior 
Graphs we derive three types of graphs from the search logs of a 
commercial search engine. The query reformulation graph, QRG, 
represents the relationship between a pair of queries that are likely 
reformulations of each other. 
The query click graph, QCG, represents the relationship between 
two queries that frequently lead to clicks on similar URLs. The 
query fusion graph, QFG, merges the information in the previous 
two graphs. All three graphs are defined over the same set of 
vertices V, consisting of queries which appear in at least one of 
the graphs, but their edges are defined differently.

1. Query Reformulation Graph
One way to identify relevant queries is to consider query 
reformulations that are typically found within the query logs of a 
search engine. If two queries that are issued consecutively by many 
users occur frequently enough, they are likely to be reformulations 
of each other. To measure the relevance between two queries issued 
by a user, the time-based metric, makes use of the interval between 
the timestamps of the queries within the user’s search history. In 
contrast, our approach is defined by the statistical frequency with 
which two queries appear next to each other in the entire query 
log, over all of the users of the system. To this end, based on the 
query logs, we construct the query reformulation graph, QRG = 
(VQ, E), whose set of edges, E QR QR, are constructed as follows: 
for each query pair (qi, , qj ), where q IEEE 2012 Transactions on 
Knowledge and Data Engineering, Volume: 24 , Issue: 5  is issued 
before q j within a user’s day of activity, we count the number 
of such occurrences across all users’ daily activities in the query 
logs, denoted count r (q I , q).
Assuming infrequent query pairs are not good reformulations of 
each other, we filter out infrequent pairs and include only the query 
pairs whose counts exceed a threshold value, tj. For each (q I,, qj 
) with count r (qi, , q j ) = tr r, we add a directed edge from q I to 
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q j to E  QR . The edge weight, w), is defined as the normalized 
count of the query transitions:

2. Query Click Graph
A different way to capture relevant queries from the search logs is 
to consider queries that are likely to induce users to click frequently 
on the same set of URLs. For example, although the queries “ipod” 
and “apple store” do not share any text or appear temporally close 
in a user’s search history, they are relevant because they are likely 
to have resulted in clicks about the ipod product. In order to capture 
such property of relevant queries, we construct a graph called the 
query click graph, QCG.
As before, we filter out infrequent pairs using a threshold tk . In 
this way, using the CG, we identify pairs of queries that frequently 
lead to clicks on similar URLs. C Next, from CG, we derive our 
query click graph, QCG = (V Q , E ), where the vertices are the 
queries, and a directed edge from qQC I to q exists if there exists 
at least one URL, u k , that both q j I and q link to in CG. The 
weight of edge (qi , q j ) in QCG, w c (q j I , q ), is defined as the 
weighted asymmetric Jaccard similarity [10] as follows: 

Computing Query Relevance Having introduced the search 
behavior graphs in the previous section, we now compute the 
relevance between two queries. More specifically, for a given 
user query q, we compute a relevance vector using QFG, where 
each entry corresponds to the elevance value of  each query qj∈ 
VQj(qto q.The edges in QFG correspond to pairs of relevant 
queries extracted from the query logs and the click logs. However, 
it is not sufficiently effective to use the pair wise relevance values 
directly expressed in QFG as our query relevance scores. Let us 
consider a vector rq, where each entry, r q (q j), is w f(q, q) if 
there exists an edge from q to q j j in QFG, and 0 otherwise. One 
straightforward approach for computing the relevance of q j to q 
is to use this r q (q ) value. However, although this may work well 
in some cases, it will fail to capture relevant queries that are not 
directly connected in QFG (and thus rq (q j j ) = 0). Therefore, for 
a given query q, we  suggest a more generic approach of obtaining 
query relevance by defining a Markov chain for q, MC , over the 
given graph, QFG, and computing the stationary distribution of 
the chain. We refer to this stationary distribution as the fusion 
relevance vector of q, rel F q q , and use it as a measure of query 
relevance throughout this paper.

After simulating numRWs random walks on the QFG starting 
from the node corresponding to the given query q, we normalize 
the number of visits of each node by the number of all the visits, 
finally obtaining rel , the fusion relevance vector of q. Each entry 
of the vector,rel Fq(q0), corresponds to the fusion relevance score 
of a query q 0 ∈ V to the given query q. It is the robability that q 
0 Q node is visited along a random walk originated from q node 
over the QFG.

B. Query Grouping Using the QFG
In this section, we outline our proposed similarity function sim to 
be used in the online query grouping process outlined in Section 
II. For each query, we maintain a query image, which represents 
the relevance of other queries to this query. For each query group, 
we maintain a context vector, which aggregates the images of its 
member queries to form an overall representation.
We then propose a similarity function simrel for two query groups 
based on these concepts of context vectors and query images. Note 
that our proposed definitions of query reformulation graph, query 
images, and context vectors are crucial ingredients, which lend 
significant novelty to the Markov chain process for determining 
relevance between queries and query groups.
Context Vector. For each query group, we maintain a context vector 
which is used to compute the similarity between the query group 
and the user’s latest singleton query group. The context vector 
for a query group s, denoted cxt, contains the relevance scores 
of each query in VQs to the query group s, and is obtained by 
aggregating the fusion relevance vectors of the queries and clicks 
in s. If s is a singleton query group containing only {qs1, clk}, it 
is defined as the fusion relevance vector.
 For instance, we can define it as the fusion relevance vector of the 
most recently added query and clicks, Other possibilities include 
the average or the weighted sum of all the fusion relevance vectors 
of the queries and clicks in the query group. In our experiments, 
we calculate the context vector of a query group s by weighting 
the queries and the clicks in s by recency, as follows:

Online Query Grouping. The similarity metric that we described in 
Definition 4.1 operates on the images of a query and a query group. 
Some applications such as query suggestion may be facilitated 
by fast on-the fly grouping of user queries. For such applications, 
we can avoid performing the random walk computation of fusion 
relevance vector for every new query in real-time, and instead pre-
compute and cache these vectors for some queries in our graph. This 
works especially well for the popular queries. In this case, we are 
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essentially trading off disk storage for run-time performance. We 
estimate that to cache the fusion relevance vectors of 100 million 
queries, we would require disk storage space in the hundreds of 
gigabytes. This additional storage space is insignificant relative 
to the overall storage requirement of a search engine. Meanwhile, 
retrieval of fusion relevance vectors from the cache can be done 
in milliseconds. Hence, for the remainder of this paper, we will 
focus on evaluating the effectiveness of the proposed algorithms 
in capturing query relevance.

1. Similartiy Measure
The algorithm mainly use a variation vector space model • 
TF-IDF weighting scheme.
The slightly varied weight camputation is realized as • 
follows:

Lastly it uses, Jaccard similarity measure formula to compute the 
similarity between documents.

2. SimRank Algorithm
(i). Apply the similarity measure to the k-means algorithm to 
partition the crawled web pages into distinct WSNs.
Use an improved PageRank algorithm in which two distinct weight 
values are assigned to the title and body of a page, respectively

It has the ability of eliminating useless documents such as • 
advertising web pages that resulting in both disk and time 
saving.

3. Simulation Analysis and Parameters
We study the behavior and performance of our algorithms on 
partitioning a user’s query history into one or more groups of 
related queries. For example, for the sequence of queries “caribbean 
cruise”; “bank of america”; “expedia”; “financial statement”, we 
would expect two output partitions: first, {“Caribbean cruise”, 
“expedia”} pertaining to travel-related queries, and, second, 
{“bank of america”, “financial statement”} pertaining to money-
related queries.

(i). Data
To this end, we obtained the query reformulation and query 
click graphs by merging a number of monthly search logs from a 
commercial search engine. Each monthly snapshot of the query 
log adds approximately 24% new nodes and edges in the graph 
compared to the exactly preceding monthly snapshot, while 
approximately 92% of the mass of the graph is obtained by merging 
9 monthly snapshots.

(ii). Performance Metric
To measure the quality of the output groupings, for each user, we 
start by computing query pairs in the labeled and output groupings. 
Two queries form a pair if they belong to the same group, with 
lone queries pairing with a special “null” query. To evaluate the 
performance of our algorithms against the groupings produced 
by the labelers, we will use the Rand Index [19] metric, which 
is a commonly employed measure of similarity between two 
partitions.

(iii). Default Values
In the following, we will study different aspects of our proposed 
algorithms. Unless we explicitly specify differently, we use the 

following default parameters: damping factor d = 0.6, top-X = 
99%, a = 0.7, click importance w Click = 0.2, recency w = 0.3, 
and similarity threshold tsim recency = 0.9. We have picked these 
values by repeating a set of experiments with varying values for 
these parameters and selecting the ones that would allow our 
algorithm to achieve the best performance on Rand200 based on 
the RandIndex metric. We followed the same approach for the 
baselines that we implemented as well. 

(iv). Damping Factor
The damping factor d is the probability of continuing a random 
walk, instead of starting over from one of the query nodes in the 
jump vector. As shown in Figure 8, RandIndex is lower for very 
low damping factor, increases together with the damping factor, 
and maxes out damping factors between 0.6 and 0.8. This confirms 
our intuition that related queries are close to the current query in 
our query fusion graph and that they can be captured with short 
random walks (small d) from the current query. At the extreme 
where damping factor is 0, we observe a lower performance as 
the query image is essentially computed on a random sample 
from the jump vector without exploiting the link information of 
the query fusion graph.

(v). Top-X
Top-X is the fraction of the sum of relevance scores of related 
queries that are included in the image of a query. As Figure 9 
shows, we get better performance for very high X, such as 0.99. 
We pick a high X, in order to keep most of the related queries that 
can be potential useful for capturing query similarities. Usually, 
even though we use a very high X value such as 0.99, the number 
of related queries in a query image is still much smaller than |V | 
as related queries obtain much higher relevance scores than those 
of irrelevant ones. 

(vi). Similarity Threshold
The similarity threshold t helps us determine whether we should 
start a new group for the current query or attach to an existing 
one. We show how performance varies based on increasing 
similarity thresholds in Figure 10. In general, as the similarity 
threshold increases, the RandIndex value becomes higher. This 
is expected as the higher the similarity is, the more likely that a 
session would include query groups containing highly related 
queries. We now compare the performance of our proposed 
methods against five different baselines. For these baselines, we 
use the same SelectBestQueryGroup as in Figure 3 with varying 
relevance metrics.
As the first baseline, we use a time-based method (henceforth 
referred to as Time) that groups queries based on whether the 
time difference between a query and the most recent previous 
query is above a threshold. It is essentially the same as the Time 
metric, except that instead of measuring similarity as the inverse 
of the time interval, we measure the distance in terms of the time 
interval (in seconds). shows the performance of this method for 
varying time thresholds (measured in seconds). We will use 600 
secs as the default threshold for this method.
The next two baselines are based on text similarity. Jaccard 
similarity uses the fraction of overlapping keywords between 
two queries, while Levenshtein similarity calculates the edit 
distance, normalized by the maximum length of the two queries 
being compared. It may capture misspellings and typographical 
errors that may elude the word-based Jaccard. Figure 13 shows 
their performance as we vary the similarity threshold. As with 
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Time, the optimal performance is reached at an intermediate 
threshold, 0.1 (default) in the case of Jaccard, and 0.4 (default) 
for Levenshtein.

II. Conclusion
This paper, analyze and study the problem of organizing the users 
queries into different groups dynamically. . In our approach, we 
proposed a method which not only take care of textual similarity or 
time thresholds, but also leverages search query logs. We perform 
different experiments and shows that this technique works better 
than the previous one. We also find value in combining our method 
with keyword similarity-based methods, especially when there is 
insufficient usage information about the queries. As future work, 
we intend to investigate the usefulness of the knowledge gained 
from these query groups in various applications such as providing 
query suggestions and biasing the ranking of search results.

III. Enhancement
To investigate the usefulness of the knowledge gained from these 
query groups in various applications such as providing query 
suggestions and ranking of search results 
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