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Abstract— A time-line based framework for topic 

summarization is in the Twitter. Summarization on the 

topics by sub-topics along time line to fully capture rapid 

topic evolution can be done on Twitter. An HybridSeg can 

be in corporate to local context knowledge with global 

knowledge bases for better tweet segmentation on the social 

network communication. HybridSeg can having of two 

phases: first step, the existing NER algorithms are applied to 

on the batches of tweets. The NERs are then employed to 

guide the tweet segmentation process. Second step, Hybrid-

Seg can be manage the tweet segmentation results iteratively 

by exploiting all kind of segments in the batch of tweets. 

Experiments on two tweet datasets show that HybridSeg 

significantly improves tweet segmentation quality compared 

with the state of the art algorithm. 
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I. INTRODUCTION 

Recently, Twitter has become one of the most popular social 

networking sites. The people can freely post short messages 

(called tweets) up to 140 characters. Twitter has rapidly 

gained worldwide popularity, with over 140 million active 

users generating over 340 million tweets daily in March 

2012. The rapid proliferation of Twitter posts presents a big 

information. A user to get an overview of important topics 

on Twitter by reading all tweet record everyday by day. The 

information redundancy and the informal writing style, it is 

time consuming to find useful information about a topic 

from a large number of tweets. Requirements of topic 

explanation, places, and search from hundreds of thousands 

of tweets on the media. Specifically, a summary that 

provides representative information of topics with no 

redundancy[2]. 

 
Fig. 1: TWEETER Logo 

Tweeter is an online social networking service that 

enables users to send and read short 140-character messages 

called "tweets". Registered users can read and post tweets, 

but those who are unregistered can only read the tweets. 

Users access Twitter through the website interface, SMS or 

mobile device app. Twitter is based in San Francisco and 

has more than 25 offices around all over the world. 

Twitter was created in March 2006 by Jack Dorsey, 

Evan Williams, Biz Stone, and Noah Glass and launched in 

July 2006. The service rapidly gained worldwide popularity, 

with more than 100 million users posting 340 million tweets 

a day in 2012. The service also handled 1.6 billion search 

queries per day.[14][15][16] In 2013, it was one of the ten 

most-visited websites and has been described as "the SMS 

of the Internet"As of March 2016, Twitter has more than 

310 million monthly active users[9]. 

Tweets are created on through the social networks. 

Twitter has attracted millions of users to share most up-to-

date information, resulting in large volumes of data 

produced everyday. However, many applications in 

Information Retrieval (IR) and Natural Language Processing 

(NLP) suffer severely from the noisy and short nature of 

tweets. An propose a novel framework for tweet 

segmentation in a batch model, called HybridSeg. An 

splitting tweets into meaningful segments, the semantic or 

context information is well preserved and easily extracted. 

HybridSeg finds the optimal segmentation of a tweet by 

maximizing the sum of the stickiness scores of its candidate 

segments. The stickiness score considers the probability of a 

segment being a phrase in English (i.e., Global context) and 

the probability of a segment being a phrase within the batch 

of tweets (i.e., Local context). 

II. RELATED WORK 

Global context: Tweets are posted on the Social Media, 

Communication. The NER phrases are postes in tweets. The 

global context are derived in the from Web pages e.g., 

Microsoft Web N-Gram corpusor the Wikipedia therefore 

helps identifying the meaningful segments in tweets.  

Local context: The method utilizing local language 

features is denoted by HybridSeg NER. It obtains the 

confident segments are based on the voting results of 

multiple NER tools. HybridSegNGram segments tweets can 

be estimate the term-dependency factor within a batches of 

tweets[3]. 

The tweet segmentation and NER are considered 

important subtasks in NLP. Many existing NLP techniques 

heavily an features, such as POS tags of the surrounding 

words, word capitalization, trigger words (e.g., Mr., Dr.). 

These glosssary features, together with effective learning 

algorithms (e.g., hidden markov model (HMM) and 

conditional random field (CRF)), There have been a lot of 

attempts to incorporate tweet’s unique characteristics into 

the conventional NLP. To improve POS tagging on tweets, 

train a POS tagger by using CRF model with tweet-specific 

features[1]. 
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Length normalization: As the tweet segmentation is 

to extraction of the meaningful phrases into the segment 

forms, longer phrases can be preferred for preserving more 

topically specific meanings of that segments. 

Presence in Wikipedia: In framework of Wikipedia 

serves as an external dictionary of valid or invalid names or 

phrases or the segments. Each text in Wikipedia refers to a 

Wikipedia entry even if the entry has not been created.  

Tweet Datasets: There are two tweet datasets in our 

segmentation: SIN and SGE. The two datasets were used for 

simulating two targeted Twitter streams that should be 

divided in to the batches or POS. Randomly select 5; 000 

tweets are published on one day in each tweet collection. 

After discarding retweets and tweets with inconsistent 

annotations, 4; 422 tweets from SIN and 3; 328 tweets from 

SGE are used for evaluation. The agreement of annotation 

on tweet level is 81% and 62% for SIN and SGE 

respectively[8]. 

III. HYBRIDSEG FRAMEWORK 

The proposed Hybrid Seg framework segments in batch 

mode or POS. A tweets from a Twitter stream are grouped 

into batches or POS by their publishing time using a fixed 

time interval day by day invention of the tweets. Each batch 

of tweets are segmented by the Hybrid Segment. 

 
Fig. 2: Process for Hybrid Segmentation 

Named Entity Recognition: Here select NER as a 

downstream application to demonstrate the benefit of tweet 

segmentation to investigation of segment based NER 

algorithms. The Named Entities from a pool of segments for 

exploiting the co-occurrences of named entities of the 

sements. 

Evaluate the accuracy of named entity recognition 

based on segments or the tweets. The two NER methods, 

Random Walk-based (RW-based) and POS-based (Part-Of-

Speech) of the NER NLP. Through out the result  answer 

two questions: (i) which methods is more effective?, and (ii) 

does better segmentation can be lead to better NER 

accuracy?  

So evaluate five variations of the two methods 

namely Global Seg RW, Hybrid Seg RW, Hybrid Seg POS, 

Global Seg POS, Unigram POS. 

Here GlobalSeg denotes 1) HybridSegWeb since it 

only uses global context,And 2) HybridSeg refers to 

HybridSegIter, the best method. 

IV. TWITTER ARCHITECTURE 

 
Fig. 3: System Architecture for Tweet NER 

A. Tweet Segmentation 

Given a tweet t from batch T , the problem of tweet 

segmentation is to split the  words in t = w1w2 : : :w` into m 

<= l consecutive segments, t = s1, s2 , ::::::::::::: , sm , where 

each segment of si contains one or more than words for the 

segment splitting.  

See the detail solution for tweet segmentation. 

Given an individual tweet t ∈ Ti , the problem of tweet 

segmentation is to split t into m segments like RW & POS, 

the t = s1 , s2 , …..... , sm; each tweet segment contains one 

or more words. To obtain the optimal segmentation, we use 

the following objective function, where C is the function 

that can be measures the stickiness of a segment or a tweet 

defined based on word collocation of the tweets: 

ArgmaxC(t)=∑ C(si)
𝑛

𝑖=1
 

A high stickiness score of segment s indicates that 

it is not suitable to further split segment s, as it breaks the 

correct word collocation. In other words, a high stickiness 

value indicates that a segment cannot  be further split at any 

internal position. If the word length of tweet t is l, there 

exists 2l−1 possible segmentations. It should be inefficient 

to iterate all of them and compute their stickiness[3]. 

B. Observations for Tweet Segmentation 

Tweets are considered noisy with lots of informal 

abbreviations and grammatical errors. An tweets can be 

posts mainly  information sharing and communication on 

the social media among  many purposes. 

1) Observation 1:  

Word collocations of NLP and common phrases in English 

are well preserved in Tweets. Many entities and common 

phrases are in tweets for information sharing and 

dissemination. In this sense, Pr(s) can be estimated by 

counting a segment’s appearances in a very large English 

corpus  (i.e., global context). In our implementation, we turn 

to Microsoft Web N-Grams.  

2) Observation 2: 

Many tweets can be having linguistic features. Although 

many tweets contain unreliable linguistic features like 

misspellings and unreliable capitalizations there exist tweets 

composed in proper English. The features in these tweets 

can be enable with NER relatively high accuracy. 

3) Observation 3: 

Tweets in a batches are not topically independent with each 

other within a time window. Many tweets published within a 

short time period talk about the same theme. These similar 

tweets largely share the same segments. For example, 

similar tweets have been grouped together to collectively 

detect events, and an event can be represented by the 

common discriminative segments across tweets [1]. 
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Tags Definition Example 

N N common noun (NN, NNS) books; someone 

ˆ proper noun (NNP, NNPS) lebron; usa; iPad 

$ numeral (CD) 2010; four; 9:30 

Table 1: 

Three POS tags as the indicator of a segment being a noun 

phrase, reproduced. 

V. RESULTS 

 
Fig. 3:  

A Result can be Shows the Contents Proper Noun(40%),  

Common Noun(15%), Numerical Noun(30%). 

 
Fig. 4: 

VI. CONCLUSION 

As Present the HybridSeg framework which segments 

tweets into meaningful phrases called segments using both 

the global context and local context. Through our 

framework, demonstrate that local features are more reliable 

than term dependency in guiding the segmentation process. 
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