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Abstract- 

This paper introduce a new graphics model for micro blogs to 

understand the mostly inference topics. The twitter deals with 

more than hundred billions of tweets per day, so it is not an 

easy task to find the recurrent topics. Twitter are the one of 

the leading social networking site where the people can share 

their arousing and opinion. The tweets are very petite text, 

noisy and unstructured. Tweets are constantly screening up 

with rich user-generated[1]. The constructs the semantic 

relationships to each other and also provides a way to connect 

the semantically related and co-occurred word.  The proposed 

method Graph Based Similarity Measure (GBSM) define a 

topic model to avoid the sparseness of short text and noisy. 

This paper examines the problem of overlapping in nodes and 

edges of the Graph-Based Topic Model(HGTM). 
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INTRODUCTION 

Twitter is the most significant social networking service that 

spreads the information’s worldwide. Twitter to be a rich and 

vast resource for data on the web. The content of the twitter 

should be well recognized because the people are using this as 

a platform to expose their reaction at instantaneous occasion. 

The text contents in tweets are diverse in nature, so it is 

necessary to predict the information which is frequently 

tagged. Most of the sentiment analysis is conducted on tweets 

with traditional algorithms. There are three key reasons to 

propose a new model :(i) the severe sparsity problem, (ii) 

models are designed for flat texts without structure,(iii)wide 

range of information conflicts with the assumption. The 

weakly-supervised information provided by s can build direct 

semantic relations between tweets so that the words in tweets 

have more complex topical relationships than in normal text. 

 

 

RELATED WORKS 

Notations and Definitions 

A  graph is an undirected graph, denoted as G =(V,E), where 

nodes V are s from the  dictionary fhgh=1:H and edges E = 
f(h, h`)g are obtained from co-occurrence relations between s 

in the explicit relationship. The edge ehh` is weighted based on 

the association weight between  h and  h`. 

 

Removing of non-english character 

 

Algorithm1:NaïveBayesclassifier (Landid.py) 

 

Langid/train/Nbtrain.py 

Shutil.rmtree(outdir) 

Except NameError: 

Pass 

Except OSError 

//clean up non-english characters. 

defsetup_pass_tokenizer, b_dirs,sample_count, sample_size, 

term_freq, line_level); 

 

 

LDA(Latent Dirichlet Allocation) Algorithm 

LDA represents documents as mixtures of topics that create 

words with certain probabilities. The documents are provided 

in such a way that,  

(i) Find the number of words N in the document,  

(ii) Find the fixed set of topics K, 
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(iii) Generate each word Wi in the document 

(a)  Pick a topic 

(b) Generate the word using topic 

(c) For each topic compute and Generate each 

word wi in the document by: 

 First picking a topic (the multinomial distribution that 

you sampled above, for example, you might select the 

food topic with 1/3 probability and the cute animals topic 

with 2/3 probability). 

 Using the topic to generate the word itself (according to 

the topic’s multinomial distribution). For example, if 

“food” is selected topic, it might generate the word 

“broccoli” with 30% probability. 

 LDA then tries to backtrack from the documents to find a 

set of topics that are likely to have generated the 

collection. 

 And for each topic t, compute 1) p(topic t | document d) = 

the proportion of words in document d that are currently 

assigned to topic t, and 2) p(word w | topic t) = the 

proportion of assignments to topic t over all documents 

that come from this word w. Reassign w a new topic, 

where choose topic t with probability p(topic t | document 

d) * p(word w | topic t)  

 After repeating the previous step a large number of times, 

you’ll eventually reach a roughly steady state where your 

assignments are appealing in high-quality. So use these 

assignments to estimate the topic mixtures of each 

document and the words associated to each topic  

 

BTM(Biterm Topic Model) 

1. Randomly assign topic uniformly to each biterm b1. 

2. Reset Topic assignment of  b1. 

3. Reassign topic k to biterm b1. 

 

Algorithm 2: Gibbs sampling algorithm for BTM 

 

Input: the number of topics K, hyperparametersα, β, 

biterm set B 

Output: multinomial parameter φ and θ 

initialize topic assignments randomly for all the 

biterms 

foriter = 1 to Niter do 

forb ∈ B do 

 

drawzbfrom P(z|z−b,B, α, β) 

updatenz, nwi 

 

GBSM (Graph Based Similarity Measure) Algorithm over 

HGTM. 

The generative process for HGTMis given by the following 

 

Algorithm 3: Graph Based Similarity Measure Algorithm 

 

1  T, a, b, t are predefined 

2  For each of the s h = 1 : H, draw Øh_ Dir(à) 

3  For each of the topics t = 1 : T, draw Øt ~Dir(ß) 

4  For each of the documents d =1 : D, draw its length Nd,  

    given a  set hd referred to the document d 

5  For each word wdi, i= 1 : Nd 

1)  draw an initial hash tag assignment y1
di ~    Uni(hd) 

2)  draw r ~ Bern(P) 

3)  if r =1, draw a hash tag assignment y1
di = y1di, 

4) if r =0,draw a hash tag assignment qy1
di 

~Multi(norm(gy1 di ) 

4)  draw a topic assignment  

5)  draw a word assignment  

 

EXPERIMENTAL RESULTS 

A probabilistic generative model describes the process of 

generating a semi-structured tweet collection with weakly-

supervised information from graphs. 
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Figure 4.1: Piechart for country wise representation of tweets 
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Figure 4.2: sample data collected from tweets on 

Paralympics. 

 

CONCLUSIONS 

This paper presents GBSM that describe the hash tag relation 

graphs as weakly-supervised information for tweet semantic 

modeling. It demonstrates that hash tag graphs contain reliable 

information to bridge semantically-related words in sparse 

short texts. GBSM can enhance semantic relations between 

tweets. And also reduces the noise to compare with the 

HGTM and produces the hyper parameters. 
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