
IJSRD - International Journal for Scientific Research & Development| Vol. 4, Issue 07, 2016 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 610 

Tweet Segmentation using Random Walk Algorithm 
Patil Umesh A1 Prof. Manwade K.B2 

1M. E. Student 2Associate Professor  
1,2Department of Computer Science & Engineering 

1,2Ashokrao Mane Group of Institutions, Vathar Kolhapur, Maharashtra, India
Abstract— In this paper, we present a novel solution for 

tweet segmentation which is based on definition a named 

entity recognition system for targeted tweeter stream; it 

constructs a random walk model to exploit the gregarious 

property in the local context derived from the twitter stream. 

The highly-ranked segments have a higher chance of being 

true named entities. We propose novel-named entity 

recognition algorithm on two sets of real-life tweets 

simulating two targeted streams using labeled ground truth, it 

achieves comparable performance as with conventional 

approaches in both streams. Various settings of Novel-NER 

have also been examined to verify our global context plus 

local context combo idea. 
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I. INTRODUCTION 

Twitter is popular type of social media so it has seen 

tremendous growth in recent years. It has attracted great 

interests from both industry and academia. Many private and 

public organizations have been reported to monitor twitter 

stream to collect and understand users’ opinions about the 

organizations. Nevertheless, due to the extremely large 

volume of tweets published every day, it is practically 

infeasible and unnecessary to listen and monitor the whole 

twitter stream. Therefore, targeted twitter streams are 

usually monitored instead; each such stream contains tweets 

that potentially satisfy some information needs of the 

monitoring organization. Targeted twitter stream is usually 

constructed by filtering tweets with user-defined selection 

criteria depends on the information needs. For example, the 

criterion could be a region so that users’ opinions from that 

particular region are collected and monitored. It could also 

be one or more predefined keywords so that opinions about 

some particular events, topics, products, services can be 

monitored. There is also an emerging need for early crisis 

detection and response with such target stream. For 

example, a cosmetic company is interested in automatically 

discovering any new named entities (e.g. name of person, 

competitor names, or location names) in a targeted stream it 

creates for the company and its products, which may link to 

a potential. By doing this, the company is able to acquire 

first-hand information about the crisis and make early 

response. Such applications require a good named entity 

recognition (NER) system for twitter. 

II. LITERATURE REVIEW 

Recently, segment-based tweet representation has 

demonstrated effectiveness in named entity recognition 

(NER) and event detection from tweet streams. C. Li, A. 

Sun, J. Weng, and Q. He, et.al developed NER method for 

two tweet datasets which shows improvement in tweet 

segmentation quality [1]. 

Event detection from tweets is an important task to 

understand the current events attracting a large number of 

common users. However, the unique characteristics of 

tweets make event detection a challenging task. C. Li, A. 

Sun, and A. Datta et.al proposed a segment-based event 

detection system for tweets, called Twevent [2]. Twevent 

first detects bursty tweet segments as event segments and 

then clusters the event segments into events considering 

both their frequency distribution and content similarity. 

In [3], Z. Luo, M. Osborne, and T. Wang et.al 

automatically construct opinionated lexical from sets of 

tweets matching specific patterns indicative of opinionated 

messages. 

Tweet summarization is one of the applications of 

tweet analysis where X. Meng, F. Wei, X. Liu, M. Zhou, S. 

Li, and H. Wang et.al implemented an entity-centric topic-

based opinion summarization framework [4], which aims to 

produce opinion summaries in accordance with topics and 

remarkably emphasizing the insight behind the opinions. 

In [5], X. Wang, F. Wei, X. Liu, M. Zhou, and M. 

Zhang et.al used a novel graphs model and investigates three 

approximate collective classification algorithms for 

inference between tweets. That the performance can be 

remarkably improved using an enhanced boosting 

classification setting in which we employ the literal meaning 

of hash tags as semi-supervised information. 

A. Ritter, Mausam, O. Etzioni, and S. Clark et.al. 

That propose present a novel approach for discovering 

important event categories and classifying extracted events 

based on latent variable models.[6]. 

Most topic models, such as latent Dirichlet 

allocation, rely on the bag-of-words assumption. However, 

word order and phrases are often critical to capturing the 

meaning of text in many text mining tasks.  

X. Wang, A. McCallum, and X. Wei et.al. Presents 

topical n-grams, a topic model that discovers topics as well 

as topical phrases [7]. The probabilistic model generates 

words in their textual order by, for each word, first sampling 

a topic, then sampling its status as a unigram or bigram, and 

then sampling the word from a topic-specific unigram or 

bigram distribution. 

Most current statistical natural language processing 

models use only local features so as to permit dynamic 

programming in inference, but this makes them unable to 

fully account for the long distance structure that is prevalent 

in language use.  

J. R. Finkel, T. Grenager, and C. et.al. Solved this 

dilemma with Gibbs sampling, a simple Monte Carlo 

method used to perform approximate inference in factored 

probabilistic models [8]. 

K. Nishida, T. Hoshide, and K. et.al.  solves several 

problems that hinder the classification of tweets; in 

particular  the problem that the probabilities of word 

occurrence change at different rates for different 

words[9].This model switches between two probability 
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estimates based on full and recent data for each word when 

detecting changes in word probability. This switching 

enables to achieve both accurate learning of stationary 

words and quick response to bursty words. 

As the drawback mentioned in above system are 

recovered by using the methodology as per the block 

diagram shown in proposed work. 

III. PROPOSED SYSTEM 

A simplified block diagram of proposed system is depicted 

in following Fig.1 

 
Fig. 1: System Architecture of Novel-Named Entity 

Recognition. 

In this paper segmentation quality is improving by 

using global and local contexts & by using two segment-

based “Novel-Named Entity Recognition" algorithms 

compare with using global context alone. In this proposed 

system local linguistic features are more reliable for learning 

local context compared with term dependency, that high 

accuracy is achieve in named entity recognition by applying 

segment-based part-of speech (POS) tagging. Both 

algorithms are unsupervised in nature and take tweet 

segments as input. One algorithm exploits co-occurrence of 

named entities in targeted twitter streams by applying 

random walk (RW) with the assumption that named entities 

are more likely to co-occur together. The other algorithm 

utilizes Part of-Speech (POS) tags of the constituent words 

in segments. The proposed system architecture is shown in 

figure s01. 

1) Targeted Tweet Stream 

The sample tweet on which the segmentation is to be done. 

2) Global Context 

Tweets are posted for information sharing and 

communication. The named entities and semantic phrases 

are well preserved in tweets. The global context contain 

a) Web N-Gram: - The tweets which are not includes in the 

Wikipedia are to be include in web N- gram. 

b) Wikipedia:- Common word combination switch high 

frequency are not named entities, like “there is” and “such 

a”. The latter, on the other hand, provides some hints 

because many named entities either have corresponding 

Wikipedia pages or have been referenced in Wikipedia. 

3) Tweet Segmentation 

In tweet segmentation the original tweet is to be segmented 

& then some batch of the tweet is to be selected from it. 

4) Random Walk Model on Segment Graph 

Finally random walk model is applying to compute the 

stationary probability of each segment. 

IV. TWEET SEGMENTATION 

In this section, we detail our solution for tweet 

segmentation. We can perform our segmentation by 

following algorithm. 

A. Algorithm1: Novel-NER Tweet Segmentation 

1) Input 

A Tweet t=w1, w2   , w3, ------, wl; 

u: the maximum length of the segment s; 

e: top e segmentation set S for each segment s; 

2) Output 

An optimal tweet segmentation t=s1, s2... sm; 

for   i = 1 : l do 

Initialize a set I = {} to store possible segmentation of 

segment 

si =w1,w2,...,wi; 

if i <=u then 

Calculate C (si); 

Adds i to i as a possible segmentation of si; 

for  j=1: i −1do 

if i –j <= u then 

form two shorter segments of si :s1=w1...wj 

And i= wj+1... wi; 

Calculate C (s2);       for each Sj ∈ j do 

Concatenate Sj and s2 to form a segmentation S of si; add S 

to i; 

C(S) =C (Sj) +C (s2); Sort i and keep only the top e 

segmentations; 

Given an individual tweet t∈Ti, the problem of 

tweet segmentation is to split t into m consecutive segments, 

t=s1s2...sm; each segment Contains one or more words. To 

obtain the optimal segmentation, we use the following 

objective function, where Ci is the function that measures 

the stickiness of a segment or a tweet defined based on word 

collocation: 

arg   max
𝑠1,𝑠2,….𝑠𝑚

𝐶(𝑡)=∑ 𝐶(𝑠𝑖)𝑚
𝑖=1  

A high stickiness score of segments indicates that it 

is not suitable to further split segments, as it breaks the 

correct word collocation. In other words, a high stickiness 

value indicates that a segment can-not be further split at any 

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

exists 21-1 possible segmentation. It is inefficient to iterate 

the entire mind computes their stickiness. 

B. Dynamic Programming Algorithm 

To overcome problem of high stickiness we are using the 

following algorithm 

Is S is the given tweet then. 

S=w1, w2, w3…...wn. 

Now in binary Segmentation we are dividing it into 

S1 & S2. 

Then S1=w1, w2,…., wk & S2=wk+1,………, wn. 

If we consider the uppercase then we can find it as 

follow 

Binary Stickiness function= 

S (w1w2) =log
Pr (w1  w2)

Pr (w1)∗ Pr (w2)
 

N-ary Stickiness function= 

S (w1, w2, wn) =  log
Pr (w1  w2 w3        wn)

Pr (w1)∗ Pr (w2)
 

From the Above Equation we can find the 

stickiness value between [0, 1] 

V. SEGMENT RANKING 

In segment ranking we are dealing with mainly following 

1) Noise Filtering. 

2) Local Segment Graph Frame. 
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3) Association & Correlation with Random Walk Model. 

A. Noise Filtering 

We first remove three types of segments which are obviously 

not named entities. 

Segments containing well known slang words, 

e.g.“lol”and“tmr”. We use acompilation of Internet slangs 

provided by http://www.noslang.com/dictionary/full. 

Segments containing words with consecutive 

repeating characters, e.g.“hahahaha”, “nooooo”, and 

“goooooood”. These words are frequently used in tweets to 

represent exaggerative emotions. Regular expressions are 

used to recognize them 

Segments containing words with“#”as prefix. They 

are not considered named Entities in this paper, and can be 

easily removed by locating the“#”prefix. 

B. Local Segment Graph Frame 

The global context alone is insufficient to recognize a 

named entity. We therefore utilize the local context of a 

segment in tweets to tackle this problem. One novel solution 

is to weight a segment using its frequency in tweets. 

However, this method would wrongly favor phrases like 

“please look”, which is not only frequent in World 

WideWeb, but also frequent in Twitter. As we discussed, 

there exists a gregarious property a monogrammed entities in 

targeted tweet streams. A good example is “Barack Obama”. 

It is a true named entity, and it often co-occurs with other 

named entities like “United States” or “Michelle Obama” in 

tweets, but seldom co-occurs with “please look”, a valid 

segment but non-entity. It is also uncommon that same set of 

non-entities would appear to gather often. Based on this 

property, we propose a “segment graph”. At the ith interval 

(recall that Novel-NER recognizes named entities in a batch 

mode, we build a non-directed  segment graph G(V,E) using 

all segments V extracted from the tweet set Ti on the fly. In 

this graph, each node is a valid segment after noise filtering, 

and the edge 

E ab∈E between two nodes (segments) sa and sb 

Wab=W (lab) =
𝑀(𝑆𝑎)⋂𝑀(𝑆𝑏)

𝑀(𝑆𝑎)𝑀(𝑆𝑏)
 

Where M(s) is the set of tweets in Ti containing 

segments. 

The segment graph (V, E) provides a good local 

context for each segment in Ti .It does not use the unreliable 

local linguistics features of tweets but relies on the relations 

among segments. Because all segments have been parsing 

done by the local context 

And then filtered with heuristic rules, these 

relations are relatively more reliable than local linguistics 

features. 

C. Association & Correlation with Random Walk Model 

A random walk model is then applied on graph G (V, E) to 

compute the stationary probability of each segment being a 

true named entity, by considering the graph bidirectional. 

While random walking, the probability of transiting from 

node sa to sb as Pab is given by 

Pab = 
𝑾𝑎𝑏

∑  𝑊𝑎𝑐𝑐∈𝑉
 

All transition probabilities are then aggregated to 

form a non negative transition matrix P for the whole graph. 

To overcome the “dangling links” while conducting 

a random walk on graph G (V, E), a teleportation vector e is 

also introduced to make the random walker jump from a 

node to any other node in the segment graph with a small 

probability We observe that Q(s) ,the probability that’s 

appears as anchor text in Wikipedia, is  a good teleportation 

a priori .In other words, we favor those segments. 

That are valid hyperlinks in Wikipedia, i.e. those 

segments are more likely to be named entities. Accordingly, 

we define the following teleportation probability for node 

(segment)s: 

es =
𝑄′(𝑠)

∑ 𝑄′(𝑠𝑗)𝑠𝑗∊𝑉
 𝑤ℎ𝑒𝑟𝑒 Q’(s) = eQ(s) 

The exponential function is used here to avoid the 

situation that the segment is new to Wikipedia so that its 

Q(s)=0 and will never be Teleported to. 

The Wikipedia based teleportation can be 

considered as an injection of global context in to the random 

walk model of the local context .With the transition matrix P 

and the Wikipedia-based teleportation vector the stationary 

Eigen vector πTof P is calculated iteratively using power 

method as below: 

π= (γPT+ (1−γ)e1T) π, 

Where γ controls the  probability of teleportation. 

The lower γ is, the higher probability the random walk will 

teleport according to es then, πT issued as probabilities so 

segments being named entities in the local context. 

Finally, for balancing the advantages of global 

context and local context, given input segments, Novel-NER 

multiples its stationary probability π(s) in the segment graph 

mainly learned from the local context with its teleportation 

probability learned from Wikipedia:           

y(s) =es ·π(s). 

The above equation is used for rank all segments & 

only top k segments are retained as named entities. 

VI. RESULT 

Top k segments are retained as named entities. 

K Precision 

3 0.8 

5 0.9 

7 0.7 

10 0.8 

15 0.9 

Table 1: Precision Table 

 
Fig. 2: Precision of top K entities 

VII. CONCLUSIONS AND FUTURE WORK 

The error prone and short nature of Twitter has brought new 

challenges to named entity recognition.  In this paper, we 

http://www.noslang.com/dictionary/full
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present a NER system for targeted Twitter stream, called 

Novel-NER, to address this challenge. Unlike traditional 

methods, Novel-NER is unsupervised. It does not depend on 

the unreliable local linguistics features. Instead, it aggregates 

information garnered from the Worldwide Web to build 

robust local context and global con-text for tweets. 

Experimental results show promising results of Novel-NER. 

Despite its promising results, there is still space for 

improvement. We plan to study Novel-NER performance in 

a larger scale. We plan to study the strategy to identify 

suitable K value. As discussed earlier, this is because we feel 

this problem is not as pressing as the problems to correctly 

locate and recognize presence of named entities in tweets, 

which exist in methods largely fail. Extension of Novel-NER 

for entity type classification is also planned for future work 
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