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Abstract-Short messages don't generally watch the linguistic structure of a written language. So not applicable to traditional natural 

language processing tools, ranging from part-of-speech tagging to dependency parsing. Short texts usually do not contain sufficient 

statistical signals or signs to support for text mining such as topic modeling. Short texts are more ambiguous and noisy, and are 

generated in an enormous volume, which further increases the trouble to deal with them. Here focus on semantic information in order to 

better understand short texts. In this work, build a model framework for short text understanding which abuses semantic knowledge gave 

by a well-known knowledge base and automatically harvested from a web corpus. Our knowledge-intensive approaches disrupt 

traditional methods for tasks such as text segmentation, part-of-speech tagging, and concept labeling, in the sense that focus on 

semantics in all these tasks. 

 

Index Terms - Short messages, segmentation, natural language processing. 

________________________________________________________________________________________________________ 

 

I. INTRODUCTION 

Understanding short texts is tough to many applications, but challenges remain in social network for messaging and chatting. Seeing short 

messages is hard to numerous applications.  There are several challenges are as fallows; 

1. Short messages don't generally watch the linguistic structure of a written language.  

2. Not applicable to traditional natural language processing tools, ranging from part-of-speech tagging to dependency parsing.  

3. Short texts usually do not contain sufficient statistical signals or signs to support for text mining such as topic modeling. 

4.  Short texts are more ambiguous and noisy and are generated in an enormous volume, which further increases the trouble to deal 

with them.  

 

Here work focus on Semantic Knowledge to better understand short texts. In this work, build a model frameworkfor short text understanding 

which abuses semantic knowledge gave by a well-known knowledge base and automatically harvested from a web corpus. Our knowledge-

intensive approaches disrupt traditional methods for tasks such as text segmentation, part-of-speech tagging, and concept labeling, in the 

sense that focuses on semantics in all these tasks. 

Short texts refer to texts with limited context. Many applications, small-scale blogging services, and web search, etc., are required to 

deal with many short texts. A better understanding of short texts will deliver tremendous value. One of the essential tasks of text 

understanding is to recognize hidden semantics from texts. Lots of attempts have been committed to this field. For occurrence, named entity 

recognition locates named entities in text and classifies them into predefined topic models attempt to recognize "latent topics," which are 

represented as probabilistic distributions on words, from a text. Entity linking focuses on retrieving "explicit topics" expressed as 

probabilistic distributions on an entire knowledge base. However, categories, "latent topics," as well as "explicit topics" still have a semantic 

gap with humans' mental world. As stated in Psychologist Gregory Murphy's highly acclaimed book, "concepts are the glue that keeps our 

mental world collectively." Short text requirement is easy to understand and easy to implement. 

 

II. RELEVANCE 

In this work, it is argued that semantic knowledge is indispensable for short text understanding, which in turn benefits many real-world 

applications that need to handle a large number of short texts. According to the above discussion, three types of knowledge are required to 

cope with the challenges of short text understanding: 

1) A comprehensive vocabulary;  

2) Mappings between instances and concepts;  

Semantic coherence between terms. 

Will describing how can harvest this knowledge is based on the acquired knowledge, introduce knowledge-intensive approaches to 

understand short texts both effectively and efficiently. 

 

III. OBJECTIVES 

The different objectives of the proposed system are 

 Develop a text segmentation module to find the most semantically coherent segmentation. 

 Develop module to cluster similar concepts in the dictionary together. 

 Designing Ambiguity removal in short texts and overcome the limitations of traditional approaches in handling them. 

  Design technique to achieve better accuracy of short text understanding by harvesting semantic knowledge.  

 Design approaches to facilitate online instant short text understanding. 
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IV. LITERATUREREVIEW 

 

A.McCallum and W. Li, "Early results for named entity recognition with conditional random fields, feature induction, and web-

enhanced lexicons," 

This paper describes WebListing, a method that obtains seeds for the lexicons from the labeled data, then uses the Web, HTML formatting 

regularities and a search engine service to significantly augment those lexicons. For example, based on the appearance of Arnold Palmer in 

the labeled data, we gather from the Web an extensive list of other golf players, including Tiger Woods (a phrase that is difficult to detect as 

a name without a good lexicon). 

 

G. Zhou and J. Su, “Named entity recognition using an hmm-based chunk tagger,”  

This paper proposes a Hidden Markov Model (HMM) and an HMM-based chunk tagger, from which a named entity (NE) recognition (NER) 

system is built to recognize and classify names, times and numerical quantities. 

 

D. M. Blei, A. Y. Ng, and M. I. Jordan, "Latent Dirichlet allocation." 

This paper describes latent Dirichlet allocation (LDA), a generative probabilistic paradigm for groups of discrete data such as text corpora. 

LDA is a three-level hierarchical Bayesian model, in which each item of a gathering is registered as a measurable mixture over an underlying 

set of topics. Each subject is, in turn, modeled as an infinite mixture over an underlying set of topic probabilities. 

 

M. Rosen-Zvi, T. Gri_ths, M. Steyvers, and P. Smyth, "The author-topic model for authors and documents." 

In this introduce the author-topic model, a generative model for documents that extends Latent Dirichlet Allocation to include signature 

information. Each author is affiliated with a multinomial distribution over topics, and each topic is connected with a multinomial pattern over 

words. A document with multiple contributors is modeled as a distribution over issues that is a mixture of the distributions associated with 

the authors. 

 

R. Mihalcea and A. Csomai, "Wikify! Linking documents to encyclopedic knowledge," 

This paper proposes the use of Wikipedia as a resource for automatic keyword extraction and word sense disambiguation and records how 

this online encyclopedia can be used to achieve state-of-the-art results on both these jobs. The paper also explains how the two methods can 

be mixed into a system able to automatically improve a text with links to encyclopedic knowledge. 

 

V. PROPOSED WORK 

MODELS:OFFLINE PROCESSING 
A prerequisite to short text understanding is the knowledge about semantic relatedness between terms. In this offline Processing model 

design and construct the co-occurrence network and quantify semantic coherence. Apply this score for the indexing strategy to allow for 

approximate term extraction on the vocabulary, as well as the approach to determine instance ambiguity. 

 

 
Figure1. Block diagram of the proposed system 

 

Constructing Co-occurrence Network 

A co-occurrence network used to model semantic relatedness. The co-occurrence network regarded as an undirected graph, where nodes are 

typed-terms and edge weight formulates the strength of semantic relatedness between typed terms. 

It is observed that Terms of different types occur in different contexts. The more frequently two typed-terms co-occur in a sentence, the 

higher the semantic relatedness will be. The closer two typed-terms appear in a sentence, the higher the semantic relatedness will be. 

Common terms (e.g., "item" and "object") which co-occur with almost every other term are meaningless in modeling semantic relatedness; 

thus the corresponding edge weights should be penalized. 

 

Scoring Semantic Coherence 

In this module calculate a score to measure semantic coherence between typed-terms. Two types of coherence used as similarity and 

relatedness (co-occurrence).considering two typed-terms are coherent if they are semantically similar or they often co-occur on the web. 

Indexing Vocabulary for Approximate Term Extraction Approximate term extraction aims to locate substrings in a text which are similar to 

terms contained in a predefined vocabulary. To quantify the relationship between two strings, many similarity functions have been suggested 
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including token-based identity functions (e.g., Jaccard coefficient) and character-based similarity functions (e.g., edit distance). Due to the 

currency of misspellings in short texts, use edit distance as our similarity function to facilitate approximate term extraction. 

 

Determining Instance Ambiguity 

The focus of concept labeling is instance disambiguation, making it essential to determine whether an instance is ambiguous or not. To 

determine instance ambiguity is to check the number of concepts (or concept clusters) it belongsto. However, the accuracy of such a method 

is highly dependent on the granularity of concept space in a knowledge base. A coarse-grained knowledgebase misses some ambiguous 

instances, while a fine-grained knowledgebase might lead to false positive (i.e., an unambiguous instance is incorrectly recognized as 

ambiguous). 

 

Online Processing 

There are three tasks in online processing of short texts, namely text segmentation, type detection, and concept labeling. 

 

Text Segmentation 

To recognize all possible terms from a short text using the tire-based framework described. In this module segment a short text into a 

sequence of terms.  

Following are some heuristics to determine a correct segmentation. 

 Except for stop words, each word belongs to one and only one term; 

 Terms are coherent. 

 

Concept Labeling 

The most crucial task in concept labeling is instance disambiguation, which is the process of eliminating inappropriate semantics behind an 

ambiguous instance. Build this task by re-ranking concept clusters of the target instance based on context information in a short text (i.e., 

remaining terms), so that the most appropriate concept clusters are ranked higher and the incorrect ones lower. 

 

V. RESULT AND DISCUSSION 
 

We conducted comprehensive experiments on real-world datasetsto evaluate the performance of our approach to short text understanding.All 

the algorithms were implemented in Java, and all theexperiments were conducted on a server with 2.90GHz Intel I5 CPU and 300GB 

memory. 

 
Figure 2: Input short text with meaning 

 

 
Figure 3: Finding new words as a result 

VI. CONCLUSION 

In this work, proposed a summed up system to get it short messages effectively and efficiently. All the more particularly, we partition the 

task of short text comprehension into three subtasks: textsegmentation, type detection, and concept labeling. We figure text segmentationas a 

weighted Maximal Clique problem, also, propose a randomized estimate calculation to keep up precision and enhance efficiency in the 

http://www.jetir.org/


© 2018 JETIR June 2018, Volume 5, Issue 6                                                              www.jetir.org  (ISSN-2349-5162)  
 

JETIR1806515 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 98 
 

meantime. We present a Chain Model and a Pairwise Model which consolidate lexical furthermore, semantic highlights to direct good 

location. They accomplish superior precision over conventional POS taggers on the named benchmark. 
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