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Abstract: In heterogeneous datasets while used matching instances state-of-the-art instance matching approaches 
do not perform well. From the central part operation on direct matching these disadvantages should be generated. 
The direct matching involves a direct connection between instances at the source dataset and instances at the target 
dataset. If the overlap between the datasets is minimum direct matching is not applicable for that type of 
application. The big aim of this survey is resolving this problem by proposing a new paradigm called semantic 
similarity matching. The class of interest is defined as a class of instances from the source dataset. The class-based 
matching is defined as a set of candidate matches retrieved from the target. Measuring the semantic similarity 
between words is an important component in various web applications they are relation extraction, community 
mining, document clustering, and automatic metadata extraction. The usefulness of semantic similarity measures in 
these applications, accurately measuring semantic similarity between two words or entities. This survey proposes an 
empirical method to estimate semantic similarity using page counts and text snippets. Both should be retrieved from 
a web search engine for two words. The various word co-occurrence measures using page counts should be 
integrated with lexical patterns those should be extracted from text snippets. To identify the numerous semantic 
relations between two words a novel pattern extraction algorithm and a pattern clustering algorithm should be 
introduced. The proposed method outperforms various baselines compared to previously proposed SERMI approach 
on three benchmark data sets showing a high correlation with human ratings. Moreover, the proposed method 
significantly improves the accuracy in a community mining task. 
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I.INTRODUCTION 
 

In a web a large number of datasets has been available which 

internally contains more initiatives such as Linking Open 

Data. In a general graph-structured data model, RDF1 is 

widely used in publishing Web datasets. An entity termed an 

instance is represented via triples format. They are subject; 

predicate; object statements. Predicates captures attributes 

and objects capture values of an instance respectively. 

OWL2: In addition to RDF, OWL2 is another standard 

language for knowledge representation. It should be widely 

used for capturing the “same-as” semantics of instances. 

Using OWL scheme data providers can make explicit call. 

The two distinct URIs actually refer to the same real world 

entity. The entity resolution and instance matching is the task 

of establishing the same-as links. 

 

Semantic-driven approach: Semantic-driven approaches use 

specific OWL semantics they termed as explicit owl same as 

statements. It allows the same as relations to be inferred via 

logical reasoning. Data driven approach: This approach is 

opposed to the semantic-driven approach which derives 

same-as relations mainly vary with respect to the selection 

and weighting of features. The data-driven approaches are 

built upon the same paradigm of direct matching (DM).If the 

two instances have many attribute values in common they are 

considered the same. If the sufficient overlap between 

instance representations is occurred means they can produce 

only high quality results. If the Overlap is small in 

heterogeneous datasets means the same instance represented 

in two distinct datasets may not use the same schema. In an 

instance matching across heterogeneous datasets, direct 

matching alone cannot be expected to deliver high quality 

results .Contributions [1] provides detailed analysis of many 

datasets and matching tasks. These tasks greatly vary in their 

complexity. There are difficult tasks with a small overlap 

between datasets that cannot be effectively solved using state-

of-the-art direct matching approaches. The big Aim of these 

tasks is to propose a direct matching in combination with [2] 

class-based matching (CBM). 

 

Class based matching: In this paper following class notion 

should be employed. A class is considered as a set of 

instances where each instance in this set must share at least 

one feature in common with any other instance in this 

set.CBM aims to purify the set of candidates by filtering out 

those that do not match the class of interest. This matching is 

however not assumed that the class semantics are explicitly 

given. Direct matching at the class level is possible between 

the source (e.g. Nations) and target (e.g. Countries).  CBM is 

based on the idea that if the instances have some features in 

common means they are known to form a class and their 

matches should also form a class in the target dataset i.e. 

matches should also have some features in common. By 
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computing the subset of candidates the correct matches can 

be found in this members have the most features in common. 

According to the direct matching method these candidates 

may form source instances. The class of interest should be 

created by the class they form correspond to the source 

instance, i.e. the instances found by CBM belong to a class, 

which matches the class of interest. During the candidate 

selection step the source and target instances are compared. In 

a class-based matching, only data from the target dataset is 

needed. This is the main difference with direct matching, 

which compares the source and the target data. Ref[3] 

evaluated this approach called SERIMI using data from OAEI 

2010 and 2011 based on the two reference benchmarks in the 

field. Class-based matching achieved competitive results with 

direct matching method. Most importantly if the direct 

matching’s performance was bad the improvements are 

complementary, achieving good performance. The simple 

combination of the DM and CBM this approach greatly 

improve the results of existing systems.  

 

Instance Matching: Instance matching across datasets 

involves similarity functions, thresholds and comparable 

attributes. By using a matching scheme they should be 

captured. While the majority of approaches use a flat 

representation of instances based on attribute values, other 

features might be applied. RDF-based graph-structured model 

used to accommodate different kinds of structured data. The 

combination of direct Matching and class based matching 

produces good quality. In SERIMI, those combined 

components are treated as black boxes that yield two scores 

considered independent. SERIMI multiplies, normalizes and 

On and Off these scores to obtain a value in form of 0s and 

1s. 

 

II.PROBLEM   DEFINITION 
 Retrieving accurate information for users in Search 

Engine faces a lot of problems. This is due to accurately 

measuring the semantic similarity between words is an 

important problem. 

 For example, the word “apple” consists of two meaning 

one indicates the fruit apple and the other is the apple 

company. So retrieving accurate information to users to 

such kind of similar words is challenging. 

 In the base paper, the authors proposed an architecture 

and method to measure semantic similarity between 

words. Which consists of snippets, page-counts and 

support vector machine. 

 The authors proposed an approach to compute the 

semantic similarity between words or entities using text 

snippets. But in this project we are going to implement 

and compute the semantic similarity between words in 

Search engine without using Snippets or Support Vector 

Machines.  

 Because using Snippets or Support Vector Machines 

makes the job of finding similarity easier. So we are 

going to implement the same concept without using 

snippets or support Vector machines. 

 

III. LITERATURE SURVEY 
 

Boolean Matching: Simple Boolean matching could be used 

to generate candidates in this work. The Boolean queries are 

constructed using tokens extracted from candidate labels. 

Standard preprocessing is applied to lowercase tokens and to 

remove stop words. These queries derive candidates, which 

have values that share at least one token with the values of the 

corresponding source instance.  

Advantage:- 

 This method is primarily twisted towards quickly 

finding all matches, i.e. high recall, 

Disadvantage 

 May produce many incorrect candidates.  

 Other techniques known in literature [3] achieve 

higher precision compared with Boolean matching. 

 

Matching features and Instance features are derived from flat 

attributes. Structure information (e.g. relations between RDF 

resources) [7], [8], [9] or semantic information extracted from 

ontologies. ObjectCoref [5] for instance, exploits the 

semantics of OWL properties namely OWL: 

INVERSEFUNCTIONALPROPERTY and OWL: 

FUNCTIONALPROPERTY. Also, the combination of 

instance-level and schema-level features have been explored 

by PARIS [1], which jointly solve the problem of instance 

and schema matching. If the SERIMI targets the 

heterogeneous scenario means no structure, semantic or 

schema information is available in the worst case. It is based 

on a simple flat representation, where instances are captured 

as a set of attribute values. This representation is employed 

for single instances as well as for class of instances, which are 

needed for CBM. 

 

Similarity functions: The choice of similarity functions 

depends on the nature of the features. For an string, character-

based, token-based and document-based functions (e.g. 

cosine similarity) were used. In addition with syntactic 

information, special similarity functions have also been used 

to exploit different kinds of (lexical) semantic relatedness 

[10], [11].In addition to this dimension, a simple approach 

should be pursued where only tokens are employed. The new 

problem of CBM involves comparing sets of instances for 

this we propose a set-based similarity function that take the 

token overlaps between sets into account. 

 

Matching Schemes: Based on approaches relying on a flat 

representation of instances, i.e., attribute values, the matching 

schemes con1tain the similarity functions, thresholds and 

comparable attributes. Comparable attributes are either 

computed via automatic schema matching or assumed to be 

manually defined by experts [12]. Then, techniques with 

different degrees of supervision are employed for learning the 

scheme. 

 

In 2011, Knofuss+GA proposed [13],it is an unsupervised 

approach that applys a genetic algorithm for learning process. 

In 2011 SIFIet.al proposed[2] and In 2007 OPTrees et.al 

proposed [6] which represent supervised approaches that 

learn the schemes from a given set of examples. Others 

approaches such as 2011-Zhishi.links [12] and 2010-RIMON 

[14] and Song and 2009-Heflin [4] assume matching schemes 

that for the most part, were manually engineered, i.e., the 
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similarity functions and thresholds were defined manually. 

They focus on the problem of learning the best comparable 

parts. 

 

The above solutions focus on direct matching which is 

oppose to the, class-based matching does not rely on a 

complex scheme. It uses a special similarity function 

specifically designed for this matching task. The problem of 

finding the threshold is cast as the one of detecting outliers, 

for this  unsupervised solution should be proposed. For 2011 

data, SERIMI also greatly improves the results of recently 

proposed approaches (2011-PARIS [1] and 2011-SIFI-Hill 

[2]). Compared to the best system proposed in OAEI 2011, 

SERIMI achieved the same performance. However, while 

that system leverages domain knowledge and assumes 

manually engineered mappings, our approach is generic, 

completely automatic and does not use training data. 

 

Overall this solution can be characterized as an unsupervised, 

simple, yet effective solution, which employs a novel class-

oriented similarity function, matching technique and 

threshold selection method to exploit the space of class 

related features never studied before. He Fast-Join method 

described in 2011- [15] studied the problem of string 

similarity join that finds similar string pairs between two 

string sets. This concept focused on the entire problem of 

matching two distinct instances of data. An instance should 

be understood as a structured representation of a real world 

entity, containing specific semantic attributes that cannot be 

trivially reduced to a set of tokens. Therefore, representative 

direct matching approaches for instance matching where 

particularly selected in our evaluations 

 

III.EXISTING SYSTEM 
 

The process of instance matching performed by SERIMI .It 

focuses on the problem of instance matching across 

heterogeneous datasets. Since the direct overlap at the level of 

predicates (or values) between instances may be too small to 

perform matching in the heterogeneous setting. This proposes 

class-based matching.  Class-based matching can be applied 

in combination with direct-matching, on top of the candidate 

selection step. The equal-weight strategy to give a greater 

emphasis on commonalities. This is because the goal of class-

based matching is to find whether some instances match a 

class., For deciding whether an instance belongs to a class or 

not, the common features are thus, by definition, more 

crucial. Not only that, the special treatment of common 

features also makes sense when considering that common 

features are scarcer.  That is, the number of features shared by 

all instances in a class is typically much smaller than features 

that are not. 

Advantages of Existing System 

 SERIMI reported the best performance in the 

benchmark that they participated compared to the 

other state of art approaches. 

 SERIMI achieved considerable performance gain for 

the life science collection. 

 SERMI present a type of features which represent a 

large part of all features used. 

 Hence, processing was much faster without them.  

 In general, the results suggest that all proposed 

features are useful as they contributed to higher 

accuracy. 

 CBM produced similar scores for all candidates. For 

this DM performed better because the overlap 

between the source and target instances is 

sufficiently high to identify the correct matches. 

 Overall, the results show that SERIMI achieved the 

best accuracy results.  

 Further, there is room for improvement as SERIMI 

so far neither uses training data nor exploits domain 

knowledge. 

  Training data could be exploited to fine tune the 

threshold (as done by SIFI). 

 SERIMI yields superior quality. 

 

Limitations of Existing system: 

 In information retrieval, one of the main problems is 

to retrieve a set of documents that is semantically 

related to a given user query.  

 For example, apple is frequently associated with 

computers on the web. However, this sense of apple 

is not listed in most general-puGrpose thesauri or 

dictionaries. 

 

 Proposed System: 

 We propose an automatic method to estimate the 

semantic similarity between words or entities using 

web search engines. 

 Web search engines provide an efficient interface to 

this vast information. Page counts and snippets are 

two useful information sources provided by most 

web search engines.  

 Page count of a query is an estimate of the number 

of pages that contain the query words. In general, 

page count may not necessarily be equal to the word 

frequency because the queried word might appear 

many times on one page. 

 We present an automatically extracted lexical 

syntactic patterns-based approach to compute the 

semantic similarity between words or entities using 

text snippets retrieved from a web search engine. 

Advantages of proposed system: 

 

We proposed a semantic similarity measure using both page 

counts and snippets retrieved from a web search engine for 

two words. Four word co-occurrence measures were 

computed using page counts. We proposed a lexical pattern 

extraction algorithm to extract numerous semantic relations 

that exist between two words. Moreover, a sequential pattern 

clustering algorithm was proposed to identify different lexical 

patterns that describe the same semantic relation. Both page 

counts-based co-occurrence measures and lexical pattern 

clusters were used to define features for a word pair. 

 

IV.RESULTS AND DISCUSSIONS: 
Lexical Pattern Extraction: In this module, Words in Page 

are extracted. It uses counts-based co-occurrence measures. 

Lexical Pattern Clustering. This can be problematic if one or 

both words are polysemous, or when page counts are 

unreliable. On the other hand, the snippets returned by a 
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search engine for the conjunctive query of two words provide 

useful clues related to the semantic relations that exist 

between two words. A snippet contains a window of text 

selected from a document that includes the queried words. 

Snippets are useful for search because, most of the time, a 

user can read the snippet and decide whether a particular 

search result is relevant, without even opening the url. Using 

snippets as contexts is also computationally efficient because 

it obviates the need to download the source documents from 

the web, which can be time consuming if a document is large. 

 

Lexical Pattern Clustering: Typically, a semantic relation 

can be expressed using more than one pattern. For example, 

consider the two distinct patterns, X is a Y, and X is a large 

Y. Both these patterns indicate that there exists and is-a 

relation between X and Y. Identifying the different patterns 

that express the same semantic relation enables us to 

represent the relation between two words accurately. 

According to the distributional hypothesis, words that occur 

in the same context have similar meanings. The distributional 

hypothesis has been used in various related tasks, such as 

identifying related words, and extracting paraphrases. If we 

consider the word pairs that satisfy (i.e., co-occur with) a 

particular lexical pattern as the context of that lexical pair, 

then from the distributional hypothesis, it follows that the 

lexical patterns which are similarly distributed over word 

pairs must be semantically similar. 

 

Measuring Semantic Similarity: We defined four co-

occurrence measures using page counts. We showed how to 

extract clusters of lexical patterns from snippets to represent 

numerous semantic relations that exist between two words. In 

this module, we describe a machine learning approach to 

combine both page counts-based co-occurrence measures, 

and snippets-based lexical pattern clusters to construct a 

robust semantic similarity measure. 

 

Ranking search results: In this module, an automatic 

method to estimate the semantic similarity between words or 

entities using web search engines with ranking the search 

results occur. Accurately measuring the semantic similarity 

between words is an important problem in web mining, 

information retrieval, and natural language processing. Web 

mining applications such as, community extraction, relation 

detection, and entity disambiguation, require the ability to 

accurately measure the semantic similarity between concepts 

or entities. Based on the similarity between the user given 

search keyword, the ranking takes place. 

 

V.CONCLUSION 
This survey proposed a semantic similarity measure using 

both page counts and snippets retrieved from a web search 

engine for two words. Four word co-occurrence measures 

were computed using page counts. We proposed a lexical 

pattern extraction algorithm to extract numerous semantic 

relations that exist between two words. Moreover, a 

sequential pattern clustering algorithm was proposed to 

identify different lexical patterns that describe the same 

semantic relation. Both page counts-based co-occurrence 

measures and lexical pattern clusters were used to define 

features for a word pair. A two-class SVM was trained using 

those features extracted for synonymous and nonsynonymous 

word pairs selected from WordNet synsets. Experimental 

results on three benchmark data sets showed that the 

proposed method outperforms various baselines as well as 

previously proposed web-based semantic similarity measures, 

achieving a high correlation with human ratings. Moreover, 

the proposed method improved the F-score in a community 

mining  
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