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Abstract 
 

We discuss technology to help a person monitor changes in news coverage over time. We define temporal summaries 
of news stories as extracting a single sentence from each event within a news topic, where the stories are presented one 
at a time and sentences from a story must be ranked before the next story can be considered. We explain a method for 
evaluation, and describe an evaluation corpus that we have built. We also propose several methods for constructing 
temporal summaries and evaluate their effectiveness in comparison to degenerate cases. We show that simple 
approaches are effective, but that the problem is far from solved.we introduce a novel approach, Manifold Ranking 
with Sink Points (MRSPs), to address diversity as well as relevance and importance in ranking. Specifically, our 
approach uses a manifold ranking process over the data manifold, which can naturally find the most relevant and 
important data objects. Meanwhile, by turning ranked objects into sink points on data manifold, we can effectively 
prevent redundant objects from receiving a high rank. MRSP not only shows a nice convergence property, but also has 
an  interesting  and  satisfying  optimization  explanation.  We  applied  MRSP  on  two  application  tasks 

 
 

Index Terms—query recommendation, Summarization, Experimental Design and Metrics. 
 
 
 

1 Introduction 
 
Query recommendations are an important tool that helps search engines users in their information seeking 
activities, also known as search missions . Recommendations are typically queries similar to the 
original   one,  and  they  are  usually  obtained  by  analyzing  the  query  logs,  for  instance,    nding 
Clustering of queries,or by identifying frequent re-phrasings.  

 
The      main source of   information for building search   assisting   systems are query logs.Web 
query logs describe how users interact with a search engine. They are very large, very diverse (containing 
mil- lions of di erent queries), heavy-tailed (containing queries at di erent orders of magnitude of 
frequency), and noisy (con- taining thousands of variants and spellings of the same in- formation need). 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 7, July 2014, Pg: 15-20 

 

swathi tamma, IJRIT         16 

 

Distilling behavioral patterns from query logs is a key step towards improving the service provided by 
search engines and towards developing innovative web- search paradigms. In particular, and this is the 
focus of this paper, by analyzing query logs we can build rich models of user searching activities, and use 
these  models  in  applica-  tions  aimed  at  improving  the  user  web-search  experience 
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2. Related Works 
 

RANKING has abundant applications in information retrieval (IR), data mining, and natural language 
processing. In many real scenarios, the ranking problem is defined as follows: given a group of data objects, 
a  ranking  model  (function)  sorts  the  objects  in  the  group  according  to  their  degrees  of  relevance, 
importance, or  preferences. For  example,  in  IR,  the  “group”  corresponds to  a  query,  and  “objects” 
correspond to documents associated with the query. However, a mass of relevant objects may contain highly 
redundant, even duplicated information, which is undesirable for users. Furthermore, the user’s needs might 
be multifaceted or ambiguous. The redundancy in top ranked results will reduce the chance to satisfy 
different users. For example, given a query “zeppelin,” if the top ranked search results were all similar 
articles about the “Zeppelin iPod speaker,” it would be a waste of the output space and largely degrade 
users’ search experience even though the results are all highly relevant to the query. 

 
2.1 Update Summarization 

 

Update summarization is a temporal extension of topic- focused multidocument summarization 
by  focusing  on  summarizing  up-to-date  information  contained  in  the  new document set 
given a past document set. There are mainly two kinds of approaches for update  mmarization, 
one is abstractive summarization [25], [14], in which some deep natural language  processing 
techniques are leveraged to compress sentences or to reorganize phrases to produce a summary 
of the text. Another one is extractive summariza- tion [19], [11], [22]. In the extractive  pproach, 
update summarization is reduced to a sentence ranking problem, which composes a summary 
by extracting the most representative sentences from target document set. There are four goals 
that update summarization aims to achieve. 

 
 

3. Query Recommendation 
 

To conduct manual evaluation for comparing different recommendation methods, we invite three human 
judges to label the recommendations in the pool manually. For each query, we create a recommendation 
pool by merging the topmost (e.g., 10 in our work) recommendations from all the methods. For each test 
query, the human judges are required to identify relevant recommendations and further group them into 
clusters according to their search intent. Since the labeling task is costly, we randomly pick 50 queries 
for manual evaluation. 

 
 

4 Implementation 
 

In this experiment, we first build the query manifold by identifying and connecting the k-nearest neighbors 
of each query. Here we leverage the click-through information in query logs to represent the query vector. 
The basic idea is that if two queries share many clicked URLs, they have similar search intent to each other 
[16]. Therefore, we model queries in terms of query-URL vectors, instead of query- term vectors. we 
propose a novel approach, named Manifold Ranking with Sink Points (MRSP), to address diversity as well 
as relevance and importance in a unified way. Specifically, our approach uses a manifold ranking process 
over data manifold, which can help find the most relevant and important data objects. Meanwhile, we 
introduce into the manifold sink points, which are objects whose ranking scores are fixed at the minimum 
score (zero in our case) during the manifold ranking process. 

 
This way, the ranking scores of other objects close  to  the  sink  points  (i.e.,  objects  sharing  similar 
information with the sink points) will be  naturally penalized during the ranking process based on the 
intrinsic manifold. By turning ranked objects into sink points in the data manifold, we can effectively 
prevent redundant objects from receiving a high rank. As a result,  we  can  capture  diversity as  well  as 
relevance and  importance during  the  ranking  process.  Our proposed approach MRSP has not only a 
nice  convergence  property,  but  also  a  satisfying  optimization explanation. We applied MRSP to two 
application tasks, update summarization and query recommendation .Update summarization aims to 
summarize up-to-date information contained in the new document set given a past document set. The task of 
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query recommendation is to provide alternative queries to help users search and also improve the usability 
of search engines. In both tasks, diversity is of great concern 
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Fig. 5. ROUGE-2  score versus parameter    on 
MRSP. 

 
 
 

Fig.  4.  (a)   Average  obsolete  similarity  on   TAC2008.   (b)  
Average obsolete similarity on TAC2009.  (c) Average 
intersentence similarity on TAC2008.  (d) Average intersentence 
similarity on TAC2009. 

 
 
 

5.Ranking on Data 
Manifolds 

 

 
Ranking on data manifolds is proposed by Zhou et al. .In their approach, data objects are assumed 
to be points sampled from a  low-dimensional manifold embedded in  a  high-dimensional 
Euclidean space (ambient space). Hereafter, object and point will not be discriminated unless 
otherwise specified. Manifold ranking is then to rank the data points with respect to the intrinsic 
global manifold structure given a set of query points. The manifold ranking algorithm is proposed 
based on the following two key assumptions: 1) nearby data are likely to have close ranking scores; 
and 2) data on the same structure are likely to have close ranking scores. An intuitive description of 
the ranking algorithm is described as follows: a weighted network is constructed first, where nodes 
represent all the data and query points, and an edge is put between two nodes if they are “close.” 
Query nodes are then initiated with a positive ranking score, while the nodes to be ranked are 
assigned with a zero initial score. All the nodes then propagate their ranking scores to their 
neighbors via the weighted network. The propagation process is repeated until a global stable state 
is achieved, and all the nodes except the queries are ranked according to their final scores. 

 

 
 

6. Diversity in Ranking 
 
 

Beyond relevance and importance, diversity has also been recognized as a crucial criterion in 
ranking recently, Among the existing work, a well-known approach on introducing diversity in 
ranking is MMR 
,which constructs a ranking metric combining the criteria of relevance and diversity, but leaving 
importance unconsidered. Grasshopper addresses the problem by applying an absorbing random 
walk, but it has to leverage two different metrics to generate a diverse ranking list. Another work is 
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DivRank [20], which uses a vertex-reinforced random walk to introduce the rich-get-richer 
mechanism for diversity. However, topic relevance is not taken into account in this model. 

 
 

To  the  best  of  our  knowledge,  the challenge  of  addressing  relevance,  importance  and  
diversity simultaneously in  a  unified  way  is  still  far from being well resolved. In and  we 
introduced a novel MRSP algorithm to achieve diversity in ranking in  a couple of applications. 
In this paper, we further extend our research work on MRSP in the following ways. First, we 
verify that our ranking approach is optimal under the constraints of sink points, local and global 
consistency. Second, we describe how to reduce the computational cost of the MRSP 
algorithm. Finally,  we  conduct  extensive  experimental analysis to justify the effectiveness and 
efficiency of our 
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