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Abstract:  

The clustering of short texts such as MSN (Microsoft Network) news titles by their meaning is a challenging task. The semantic 

hashing approach encodes the meaning of a text into a compact binary code. Thus, to tell if two texts have similar meanings, we only 

need to check if they have similar codes. The encoding is created by a deep neural network, which is trained on texts represe nted by 

word-count vectors (bag-of-word representation). To cluster short texts by their meanings, we propose to add more semantic signals to 

short texts. Specifically, for each term in a short text, we obtain its concepts and co -occurring terms from a probabilistic 

knowledgebase to enrich the short text. A simplified deep learn ing network is introduced which consist of 3-layer stacked auto-

encoders for semantic hashing. Comprehensive experiments show that, with more semantic signals, this simplified  deep learning  

model is able to capture the semantics of short texts, which enables a variety of applications including short text retriev al,  

classification and general purpose text processing. 

 

Index Terms: Short text, semantic enrichment, semantic hashing, and deep neural network 

 

I.INTRODUCTION 

 

A wide range of applications handle short texts. For example, 

news recommendation systems need to process the news titles 

which may be not strictly syntactical; in web search, queries 

consist of a very small number of keywords. Short texts 

introduce new challenges to many text-related tasks including 

informat ion retrieval, classification, and clustering. Unlike long 

documents, two short texts that have similar meaning do not 

necessarily share many words. For example, the meanings of 

“upcoming apple products” and “new iPhone and iPad” are 

closely related, but they share on common words. The lack of 

sufficient statistical information leads to difficu lties in 

effectively measuring similarity, and as a result, many existing 

text analytics algorithms do not apply to short texts directly. 

More importantly, the lack of statistical information also means 

problems that can be safely ignored when we handle long 

documents become critical fo r short texts. Take polysemy as an 

example. The word “apple” gives rise to differen t mean ings in 

“apple product” and “apple tree”. Due to the scarcity of 

contextual information, these ambiguous words make short texts 

hard to understand by machines. A neural network based 

approach is introduced for understanding short texts. This 

approach has two components: i) a semantic network based 

approach for enriching a short text; and ii) a deep neural network 

based approach for revealing the semantics of a short text based 

on its enriched representation. A short text can be enriched with 

explicit semantic informat ion derived from external resources 

such as Word Net, Wikipedia, the Open Directory Project 

(ODP), etc. For ordinary words such as “cat”, Word Net 

contains detailed information about its various senses. However, 

much of the knowledge is of linguistic value, and is rarely 

evoked in daily usage. For example, the sense of “cat” as gossip 

or woman is rarely encountered. Unfortunately, Word Net does 

not weight senses based on their usage, and these rarely used 

senses often give rise to misinterpretation of short texts. In 

summary, without knowing the distribution of the senses, it is 

difficult to build an inferencing mechanis m to choose 

appropriate senses for a word in a context. In order to 

understand short texts, we need conceptual knowledge and the 

ability to conceptualize, which aims to get the appropriate sense 

(called concept) for a noun term (a single word or a phrase) 

under different contexts. For example, given the word “apple,” 

we conceptualize it to concepts such as fruit and company. 

Then, given a context, for example, a short text “upcoming apple 

products”, we conceptualize “apple” to the more appropriate 

concept company. In other words, we map a short text to a high 

dimensional concept space, and the mapping handles 

disambiguation such that concepts inappropriate for that context 

are filtered. A mult iple inferencing mechanism called 

conceptualizat ion is proposed to get the most appropriate sense 

for a term under different contexts. The concept space that is 

employed is provided by Probase which contains millions of 

fine-grained, interconnected, probabilistic concepts. The concept 

informat ion is more powerful in capturing the meaning of a 

short text because it explicitly expresses the semantic. However, 

conceptualizat ion alone is still not enough for tasks such as 

comparing two short texts or classifying short texts. Consider 

the same two short texts: “upcoming apple products” and “new 

iPhone and iPad”. After conceptualization, a set of concepts is 

obtained for each short text but there are still no common terms. 

To reveal the similarity of their semantics, built an inferencing 

mechanis m on Probase to extract certain popular co-occurring 

terms for each orig inal noun term, and these can be seen as new 

contexts for that short text. Semantic hashing is a new 

informat ion retrieval method that hashes texts into compact 

binary codes using deep neural networks. It can be viewed as a 

strategy to transform texts from a high dimensional space into a 
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low-d imension binary space, and meanwhile the semantic 

similarity between texts is preserved by the compact binary 

codes as much as possible. Therefore, ret riev ing semantically 

related texts is efficient: simply return texts whose codes have 

small Hamming distances to that of query. Semantic hashing has 

two main advantages: First, with non-linear transformations in 

each layer of the deep neural network, the model has great 

expressive power in capturing the abstract and complex 

correlations between the words in a text, and hence the meaning 

of the text; Second, it is able to represent a text by a compact, 

binary code, which enables fast retrieval. A deep neural network 

(DNN) is constructed with 3-layer stacked auto-encoders to 

perform semantic hashing for short texts. Each auto-encoder has 

specific learn ing functions, and we implement a two-stage semi-

supervised training strategy, including a hierarchical pre-training 

and an overall fine-tuning process, to train the model. 

Specifically, RBMs (Restricted Boltzmann Machines) are 

generative models whose gradient computation (used for 

training) is intractable and requires approximation, whereas the 

auto-encoders are deterministic and have a simpler training 

objective reconstructing the inputs. DNN (Deep Neural 

Network) model is more efficient than the RBMs-based model. 

It confirms that  

i. concepts and co-occurring terms effectively enrich short texts, 

and enable better understanding of them;  

ii. Th is auto-encoder based DNN model is able to capture the 

abstract features and complex correlations from the input text 

such that the learned compact binary codes can be used to 

represent the meaning of that text.  

A Web – based Kernel Function for Measuring the Similarity of 

Short Text Snippets, Mehran Sahami, et.al[1] defines a 

similarity kernel function. Create a context vector for the 

original snippet, where it contains many words that tend to occur 

in context with the original snippet (i.e., query) terms. It 

mathematically analyze some of its properties and provide 

example of its efficacy. It shows the use of this kernel function 

in a large-scale system for suggesting related queries to search 

engines. The technique used is Kernel-based machine learning 

algorithm. The main advantage is that semantic similarity can be 

measured between multi-term short texts. The disadvantage is 

that it spends more time for classificat ion. Improving Similarity 

Measures for Short Segments of Text, Wen-tau Yih, et.al 

measures the similarity of short segments of text in two ways. 

First, a web-relevance similarity is measured. This measure 

extends the Web-kernel similarity function by using relevance 

weighted inner-product of term occurrences. Second, the 

accuracy of similarity measures can be improved by using a 

machine learn ing approach. The technique used is relevance 

weighte-d occurrences of inner-product of term. The main 

advantage is the better quality in measuring the similarity of 

short text segment. The disadvantage is that it consumes more 

time. Query Enrichment for Web-query Classificat ion, Dou 

Shen1, and et.al [3] proposed a new technique called query 

enrichment which takes a short target category and maps it to the 

intermediate objects. Based on the collected intermediate 

objects, the query is then mapped to the target categories. To 

build the necessary mapping functions, we use an ensemble of 

search engines to produce an enrichment of the queries. Despite 

the difficulty in an abundance of ambiguous queries and a lack 

of training data, this query-enrichment technique can solve the 

problem satisfactorily through a two-phase classification 

framework. The technique used is Query-enrichment technique. 

The main advantage is higher-precision rate. The disadvantage is 

most of the queries are short. Feature Generat ion for Text 

Categorization Using World Knowledge, Evgeniy Gabrilov ich, 

et.al [7] in which machine learn ing algorithms are enhanced for 

text categorizat ion with generated features based on domain-

specific and common-sense knowledge. This knowledge is 

represented using publicly available ontologies that contain 

hundreds of thousands of concepts, such as the Open Directory; 

these ontologies are further enriched by several orders of 

magnitude through controlled Web crawling. Prior to text 

categorization, a feature generator analyzes the documents and 

maps them onto appropriate ontology concepts, which in turn 

induce a set of generated features that augment the standard bag 

of words. Feature generation is accomplished through contextual 

analysis of document text, implicitly performing word sense 

disambiguation. The technique used is Feature Generation 

Methodology. The main advantage is that they are best text 

categorizers. The disadvantage is that it consumes more time. 

Probase: A Probabilistic Taxonomy for Text  Understanding, 

Wentao Wu, et.al in which a universal, probabilistic taxonomy is 

introduced. It presents a universal, probabilistic taxonomy that is 

more comprehensive than any existing ones. It contains 2.7 

million concept harnessed automatically from a corpus of 1.68 

billion web pages. Unlike traditional taxonomies that treat 

knowledge as black and white, it uses probabilities to model 

inconsistent, ambiguous and uncertain information. The 

construction of taxonomy, its probabilistic modeling, and its 

potential applications in text understanding is described. The 

technique used is Iterative learning algorithm. The main 

advantage is it searches items easily. The disadvantage is that it 

is less efficient. Clustering Short Texts using Wikipedia, 

Somnath Banerjee, et.al introduces a method of improv ing the 

accuracy of clustering short texts by enriching their 

representation with additional features from Wikipedia is 

proposed. This enriched representation of text items can 

substantially improve the clustering accuracy when compared to 

the conventional bag of words representation. The technique 

used is clustering algorithms. The main advantage is that it is 

easily understood. The disadvantage is that because of 

informat ion overload problem, it cannot cluster the similar 

words. One solution to this problem could be clustering similar 

items in the feed reader to make the informat ion more 

manageable for a user. Empirical results indicate that this 

enriched representation of text items can substantially improve 

the clustering accuracy when compared to the conventional bag 

of words representation. 

 

II.RELATED WORK 

 

A neural network based approach is introduced for 

understanding short texts. This approach has two components: 

(i) a semantic network based approach for enriching a short text; 

and (ii) a deep neural network based approach for revealing the 

semantics of a short text based on its enriched representation. 

Obtain the concepts and co-occurring terms from a probabilistic 

knowledgebase to enrich the short text. A more efficient deep 

neural network based on 3-layer stacked auto-encoders is 

constructed to do semantic hashing for short texts. For each 

auto-encoder design a specific and effective learning strategy to 

capture useful features from input data. A mechanism is 
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proposed to semantically enrich short texts using Probase. A 

multip le inferencing mechanis m called conceptualization is 

proposed to get the most appropriate sense for a term under 

different contexts. The rich concept informat ion enables 

interpretation at fine levels. Handling long documents become 

easy for short texts.  

 

A.PROBAS E 

Probase is a large-scale probabilistic semantic network that 

contains millions of concepts of worldly facts. These concepts 

are harvested using syntactic patterns (such as the Hearst 

patterns) from b illions of Web pages. For each concept, it also 

finds its instances and attributes. For example, company is a 

concept, and it is connected to instances such as apple and 

Microsoft. Moreover, Probase scores the concepts and instances, 

as well as their relat ionships. For example, for each concept c 

and each of its instance t, Probase gives p (tjc), the typicality of 

instance t among all instances of concept c, and p (cjt), the 

typicality of concept c among all concepts that have instance t. 

Furthermore, Probase gives p(t1jt2), the co-occurrence 

probability between the two instances t1 and t2. In addit ion, 

there are many other probabilities and scores in Probase. This 

abundant information allows us to build inferencing mechanisms 

for text analysis and text understanding. Compared with other 

knowledge bases such as Word Net, Wikipedia, and ODP, 

Probase has two advantages. First, the rich concept information 

enables interpretation at fine levels. For example, given “China, 

India”, the top concepts Probase returns are country, Asian 

country. Given “China, India, Brazil”, the top concepts become 

developing country, BRIC country, emerging market. Other 

knowledge bases do not have a fine-grained concept space, nor 

an inferencing mechanism for the concept, therefore they can at 

most map them into the concept of country, which is often too 

general and coarse level for sophisticated text understanding. 

Second, the probabilistic nature of Probase allows us to build 

inferencing mechanis ms to map words in a context to 

appropriate fine-grained concepts. This allows us to perform text  

analytics in the concept space, which contains much richer 

informat ion than the original short text, which is often sparse, 

noisy, and ambiguous. 

 

B. MECHANIS M 1  

Song et al. proposed a simple Naive Bayesian mechanism to 

estimate the posterior probabilities of concepts given two or 

more terms. Effect ively, common concepts associated with all of 

the terms get high posterior probabilit ies. Formally, the 

probability of a concept c is: 

 

       
          

    
           

    
  

For example, given a short text “apple and Microsoft,”  the 

posterior probabilities of concepts such as company and 

software company are much higher than that of fruit. This 

enables us to prune unlikely  concepts such as fruit. Therefore for 

those terms in E that have common concepts, we just apply this 

Naive Bayesian method to get their most possible concepts. 

 

C. MECHANIS M 2 

 

However, we must avoid over generalizat ion for input text that 

contains mult iple concepts. For example, consider the short text 

“Jobs of apple and Ballmer of Microsoft” that contains two  main 

concepts, namely CEO and company. Naively applying the 

Bayesian approach as mentioned above means assume there is 

only a single concept in the short text. The result is the common 

concepts of CEO and company, which are likely to be very 

vague concepts such as object. To solve this problem, i) group 

certain terms (e.g., apple and Microsoft) together for 

conceptualizat ion and union the results of different groups (first 

do the AND operation, then do the OR operation); or ii) 

conceptualize certain themes (e.g., Jobs and apple) separately 

and intersect the result from a same theme (first do the OR 

operation, then do the AND operation). To do this, first do 

clustering on the Probase terms based on their co-occurrence 

relationship, after that, to determine whether two terms are 

belonged to a same group or theme, just see if they are in a same 

cluster. 

 

D.MECHANIS M 3  

Disambiguate the terms even if they are conceptualized in 

separate groups. For example, consider short text “ipad and 

apple”, which consists of two terms that do not share common 

concepts (device, fruit, and company are largely independent 

concepts). If the conceptualizat ion results are performed union, 

fruit will remain as one of the final concepts. Probase does not 

explicit ly capture the specific semantic relat ionships between 

any two terms (e.g., Probase does not know iPad is a product of 

apple). St ill, in many cases, the co-occurrence relationship is 

strong enough for disambiguation. Consider those terms that 

frequently co-occur with both “iPad” and “apple”, the 

conceptualizat ion results do not contain the concept of fruit. 

This enables us to assign high probabilities to device-related 

concepts and company-related concepts for “iPad” and “apple” 

respectively. Alternatively, use a probabilistic topic model– 

LDA to model the co-occurrence relationship, as it is able to 

estimate how words are semantically related based on their co-

occurrence statistics. Using the method proposed, first a trained 

topic model C is obtained that is used to infer the top ic 

distribution of a given short text s. Let ~s be the sequence of 

term indices of s, and ~z be the topic assignment vector of ~s. 

Based on model C, the posterior of ~z is inferred by using 

collapsed Gibbs sampling as follows: 

 

      
 
              

 

  
      

       
  

            
 

 

Where Cwk is the number of t imes term w is assigned to topic k, 

and nwk is the number of times term w is assigned to topic k of 

sentence s. N is the size of the vocabulary, which is used to 

denote the hyper-parameters for document-topic and word-topic 

distributions respectively. Through this method, can estimate the 

posterior probability p (zi ) o f each term si in the text s. Further 

compute the probability of concept c given an instance term w of 

s based on the topic distribution ~z as follows: 
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where w and c are indices of the instance term and concept term 

respectively, p(cjw) is the typicality of concept c given the term 

w, which can be extracted from Probase, pwk is the inferred 

probability through and pck is the probability of concept c given 

topic k. Finally, for each term obtain a set of concepts, each 

associated with a probability. Select a canonical concept which 

has the highest probability for that term and regard the rest as 

member concepts. 

 

E.ENRICHING S HORT TEXTS  

A mechanism is proposed to semantically enrich short texts 

using Probase. Given a short text, first identify the terms that 

Probase can recognize, then for each term perform 

conceptualizat ion to get its appropriate concepts, and further 

infer the co-occurring terms. Denote this two-stage enrichment 

mechanis m as CACT (Concepts -and-Co-occurring Terms). 

After enrichment, a short text is represented by a set of semantic 

features and is further denoted as a vector that can be fed to our 

DNN model to do semantic hashing. The related definitions are 

as below: 

 

 Semantic features – the elementary unit terms that com-

pose (enriched) short text. The semantic features include original 

terms, those inferred concepts and co-occurring terms.  

 Semantic feature vocabulary – a vocabulary that 

consists of top-k (e.g. 3,000) most frequent semantic features 

obtained from the whole training data set.  

 Semantic feature vector – a k-d imensional vector that 

represents a (enriched) short text, each element of the vector is 

the count of a semantic feature that occurs in the short text.  

 

Next, how to produce these semantic features for short texts 

using our proposed enrichment mechanism –  CACT is 

introduced. Note that in this paper, we focus on conceptualiz 

ation and inferring co-occurring terms (do semantic enrichment) 

for noun phrases. Verbs and adjectives are also important as they 

can be useful for disambiguation and other tasks. Still remain 

them as the semantic features for the short text. 

 

F. CO-OCCURRING TERMS  

To further enrich a short text, include some external terms that 

frequently co-occur with the original ones. Distributional 

hypothesis says “words that occur in the same context tend to 

have similar meanings”, co-occurrences are valuable statistics 

for understanding the meaning of words. In this work, regard 

terms as meaningful concepts in the highly connected semantic 

network (Probase) instead of plain words; tell whether the co-

occurring terms are semantically related to the context. Define 

the co-occurrence score to measure the probability of one term o 

that co-occurs with a target term t in short texts. Consider two 

types of scores: co-occurrence probability and semantic 

similarity. Believe that a co-occurring term o should not only 

have a high co-occurrence probability with t (that is, p (ojt)), but 

also has consistent semantic with t under the context s. For 

example, given a short text “Bluetooth mouse”, although “cat, 

dog, keyboard, printer” have high co-occurrence probabilities 

with “mouse” in Probase, only “keyboard” and “printer” are true 

co-occurring terms if we take into consideration the 

semantic(concept) of “mouse” in that text. Therefore, the co -

occurrence score between o and t under a short text s can be 

calculated as follows: 

 
 

Where α is a Meta parameter that explores the trade-off between 

the two component scores. Sco (ojt) is the co-occurrence 

probability between instance terms o and t, and it is equal to p 

(ojt), which is also defined in Probase. Sse(ojt; s) measures the 

semantic similarity between o and t under the text s, since the 

concept c of term t is already known, aim to make the co-

occurring term o have consistent semantic with c. Formally, 

Sse(ojt; s) is defined as 

 
Ci is a concept of term o, and p(ci; c) is the co-occurrence 

probability between concepts ci and c. The co-occurrence 

probability between concepts can be inferred from the original 

co-occurrence instance network in Probase, because each 

concept can be represented as a distribution of instances. 
 

III.METHODOLOGY 
 

A.DATA COLLECTION 

The MSN News data has 6 categories:  

 

o Business.  
 

o Sports.  
 

o Entertainment.  
 

o Weather.  
 

o Technology.  
 

o Food and drink.  

 

For each category, collect articles as training data, and articles as 

test data. Use the titles of MSN news as short texts, because the 

titles of news usually contain fewer but informat ive words which 

may be specific and ambiguous. 

 

B.S EMANTIC NETWORK 

A semantic network, or frame network, is a network that 

represents semantic relations between concepts. This is often 

used as a form of knowledge representation. It is a directed or 

undirected graph consisting of vertices, which represent 

concepts, and edges, which represent semantic relations between 

concepts. Semantic network based approach for each term in a 

short text; denote this two-stage enrichment mechanism as 

CACT (Concepts-and-Co-occurring Terms). After enrichment, a 

short text is represented by a set of semantic features. 

 
Figure.1. Neural Network. 
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C.PREPROCESSING 

Data preprocessing is a data mining technique that involves 

transforming raw data into an understandable format. Real-

world data is often incomplete, inconsistent, and/or lacking in 

certain behaviors or trends, and is likely to contain many errors. 

Data preprocessing is a proven method of resolving such issues. 

Pre-processing is to break a short text into a set of terms that 

appear in Probase. Before parsing, carry out such tasks as stop 

words removal. 
 

D. CONCEPTUALIZATION 

Conceptualizat ion is the process of development and 

clarification of concepts. • In other words, clarifying one's 

concepts with words and examples and arriving at precise verbal 

definit ions. a conceptualization is an abstract simplified view of 

some selected part of the world, containing the objects, 

concepts, and other entities that are presumed of interest for 

some particular purpose and the relationships between them. An 

explicit specification of a conceptualization is ontology, and it 

may occur that a conceptualizat ion can be realized by several 

distinct ontologies. It aims to get the appropriate sense (called 

concept) for a noun term (a single word or a phrase) under 

different contexts. The concept information is more powerfu l in 

capturing the meaning of a short text because it explicit ly 

expresses the semantic. 

 
Figure.2. Overall Flow Diagram 

 

E.INFORMATION RETRIEVAL 
 

It is the tracing and recovery of specific information from stored 

data. Information retrieval (IR) is the activity of obtaining 

informat ion resources relevant to an information need from a 

collection of informat ion resources. Searches can be based on 

full-text o r other content-based indexing. Semantic hashing is a 

new informat ion retrieval method. Perform informat ion retrieval 

(IR) task on the MSN news data. Use a t itle from the test set as a 

query to retrieve other titles from the same set, and like the 

measurement used in, to decide whether a retrieved title/art icle is 

relevant to the query, simply check if they are in the same 

category. It only verifies the effectiveness of their semantic 

hashing model on long documents, these experiments are more 

challenging. 
 

IV.RES ULTS AND DISCUSS ION 
 

The home page displays the various entities used in my pro ject. 

The dataset is chosen from the page that browses the path for the 

selected short text. The preprocessing step removes the stop 

words from the selected short texts. In  the conceptualization step 

the noun terms which are the concepts are defined. The co-

occurring terms related to the noun terms are found from the 

Word Net dictionary which is already stored in the database and 

are displayed. The co-occurring terms are converted to the 

binary format and are displayed. The binary code is converted to 

the decimal format for easy conversion. The neural network is 

used to classify the data as test data and train data. In test data 

classification the concept terms value is given as input and the 

related output data are classified. The hamming distance is 

calculated between the train value and test value. The values are 

sorted in ascending order to find the min imum value and its 

related co-occurring term. The related concept for the co-

occurring term is found. All the information related to the same 

set will be d isplayed as output.  
 

 
 

Figure. 3. Information Retrieval 
 

The results show that within the specified time, the output 

clusters more information from a given set compared to the 

existing methods. 

 

 
 

Figure. 4. Performance Analysis 
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