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Abstract 

Automatic text mining processes and other sophisticated natural language processing 

constructs need realistic representations of text/documents which embed semantics 

efficiently. All the representations work on the notion that every data contains different 

explanatory factors (attributes). In this article, we exploit these explanatory factors to 

study and compare various semantic representation methods for text documents. The 

article critically reviews recent trends in the area of semi-supervised semantic 

representations, covering cutting-edge methods in distributed representations such as 

embeddings. This article gives a broad and synthesized description of various forms of 

text representations, presented in their chronological order ranging from BoW models to 

the most recent embeddings learning. Conclusively, various findings taken together 

provide valuable pointers for researchers looking to work in the field of semantic 

representations. In addition, the article also shows that one need to develop a model for 

learning universal embeddings in unsupervised/semi-supervised settings that incorporate 

contextual as well as word-order information, with language independent features and 

which would be feasible for large dataset. 

 

Keywords: Word Embeddings, Vector Space Model, Long-Short-Term Memory, 

Recurrent Neural Networks 

 

1. Introduction 

Broadly, text/documents have two representation approaches. One is syntax-based 

approach; based on linguistic theory, grammar and logic [1]. Another is semantic 

approach; based on statistical techniques, past history and its learning. These 

representations vary in the way they can incorporate and hide more or less the different 

attributes of variation behind the data. For example, one hot vector with binary entries 

only shows presence or absence of a word in a particular document and it ignores 

frequency information. While, vector space model is relatively more informative and 

depicts how frequent a particular word is, in a given document; as actual frequency of 

occurrence of a term does give better performance on various predictive methods in 

machine learning. 

Some NLP applications such as grammar checking and statistical machine translation 

need support from the syntax of the input language. However, for more ambitious goals of 

text mining like abstractive summarization and text categorization, an essential 

requirement is a theory of semantic representation using background (contextual) 

knowledge, and how it is related to and interacts with this representation. This paper 

systematically surveys issues that researchers in the latter category (i.e., Semantic 

approach) grapple with. 
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Even though logicist approaches and cognitive science approaches are better in 

semantic representation, they use more linguistic features and need more human 

intervention. To automate the text processing, we need to look at some statistical 

approach. We, therefore, in this paper have considered statistical approaches for semantic 

representations (statistical semantics) with more emphasis. 

In conventional approaches like Vector Space Model (VSM) [2], text has been 

represented as a bag of words (BoW). VSM, in its most basic form, use Boolean entries 

for each element in the vector to indicate presence or absence of the word in the 

document. Further, term-frequency (tf), term frequency-inverse document frequency (tf-

idf), point-wise positive mutual information (PPMI), etc. were used as weighting factors 

to capture the notion that all words cannot be equally important in the document. The 

vector space model considers numerical feature vectors in a Euclidean space. Each word 

in VSM was treated as independent from other, thus losing the semantic relation between 

the words. BoW ignores word-order, thus missing important semantic relations between 

the words. Indeed, researchers, in the text mining community, proposed ingenious 

solutions to incorporate the semantic relations (word-order) in the vector space model. N-

gram statistical language model [3] is one of such attempts. N-gram model intended to 

incorporate semantics by using context word in predicting the target word. The target 

word is predicted using conditional probability . Where, wn is the target word 

and words  are called the context. Though, n-gram has been widely 

used, it has the curse of its dimensionality. 

Alternatively, ontologies deal with semantic heterogeneity in structured data and as 

conceptual models, provide the necessary framework for the semantic representation of 

textual information. Ontology representation is based on the concept that is the principal 

link between texts. Ontology links concept labels to their interpretations, i.e., 

specifications of their meanings, including concept definitions and relations to other 

concepts [4]. Ontologies find applications in text summarization, document clustering, 

text annotation, biomedicine, attitude analysis and entity and event Annotation etc., 

Ontologies need hand-coded knowledge to semantics, so it is more labor intensive and 

systematically excluded from this study.  

Graphs or semantic graphs are proven to be more prominent than ontologies [5]. In a 

semantic graph or semantic network representation, knowledge is represented by nodes 

and connections between nodes. Nodes represent things, concepts, and states; whereas 

labeled edges represent relationships among nodes. Semantic graph is based on the 

assumption that higher the degree of connection between the words or concepts, more 

similar the words be in the meaning. Graphical representation of a text document is 

powerful because it can helpful in most of the operations in text such as topology, 

relational, statistical etc. Though, a semantic network is intuitive, natural, and easy to 

understand; however, due to the absence of a quantifier in semantic networks, describing 

the complex relationship is difficult.  

Another approach that has gain most attention of all semantic space models and known 

for its ability to incorporate hidden semantic relations between words/documents is Latent 

Semantic Analysis (LSA) [6]. Though LSA too uses BoW approach, it proved to be better 

than basic VSM because of its unique dimensionality reduction algorithm. LSA first 

forms a term-document matrix using a document collection and then finds its low-rank 

approximation using singular value decomposition (SVD). LSA has the capability of 

finding out hidden semantic relations (that’s why the name ‘latent’) even if the two words 

never co-occurred in the document. The basic idea behind LSA’s meaning induction of a 

word is the aggregate contexts (in which a word does or does not occur), that produce a 

set of constraints which generates the meaning of the word. Firth (1957) has put this idea 

as, “you shall know a word by the company it keeps.” 

LSA has a wide range of applications in psycholinguistic phenomena, from judgments 

of semantic similarity to judgments of essay quality and discourse comprehension. 
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Despite its success, LSA has been criticized for its BoW approach which ignores 

statistical information regarding word-order. As, semantics of a word is not only defined 

by its context but also it is the sequence of word occurrences that contribute to the overall 

meaning of the word.  

In recent years, low dimensional, dense vectors called “Word embeddings” based on 

neural networks learning, gaining attention for semantic learning. These methods are quite 

successful in learning the semantic representation of words. The skip-gram model and 

continuous bag-of-word model (CBOW) [7] [8] are popular machine learning approaches 

for learning word representations that can be efficiently trained on large amounts of text 

data. CBOW has the training objective to combine the representations of surrounding 

(context) words to predict the word in the middle (target word). Whereas, the skip-gram 

model trained to predict the source context words based on the target word. Recently, [9] 

uses word embeddings in another approach that uses spatial distance to show word 

relatedness known as “Semantic word cloud”. This approach better visualizes the 

semantic relatedness between the words by improving the aesthetic on word layout. 

Tensors [10], alternatives to vectors, are multidimensional objects that have been used 

for information retrieval, document analysis, text categorization, etc. Tensors paved to be 

more prominent over vectors as dimensionality reduction in VSM is limited by the 

number of samples, whereas, TSM has no such limit. HOSVD under TSM can reduce the 

data to any dimension.  

The paper is organized in following sections. Next section (Section 2), built the basis 

for the study, looking back brief history in the text representation. Various representation 

approaches with more emphasis on distributed representations are presented in Section 3. 

This section will be very helpful to an informed users as it is a comprehensive description 

of tasks specific representations with state-of-the-art methodologies in the tasks. 

Statement of comparison showing where and why one model lagging over other helps 

researchers in not only conceptual clarity but it will equip them to select appropriate 

method for their research. Subsection 3.2 is more imperative and it surveys recent trends 

in the area of semi-supervised semantic representation (i.e., word embeddings). The 

section contains various neural network based methods like Recurrent Neural Networks 

(RNNs), Convolutional Neural Networks (CNNs), Long-Short-Term Memory (LSTM) 

and their variants are represented chronologically. Sections 4 of the article contains some 

of tools/software packages that are publically available as open source or as proprietary 

software for semantic representations learning to help beginners in the field. Last section 

(Section 5) concludes, discussing features of different methodologies, open issues and 

forecasting further researches. 

 

2. Early History 

Semantic representation of text has always been a highly desirable and challenging task 

for researchers of linguistic, psychology, NLP and text mining community. Way back in 

the 1950s, Charles Osgood and George Miller worked for semantic representations. 

Though they worked independently on seemingly unrelated problems, Osgood (1952) 

tackled the problem of representing word meaning and Miller (1951), solves the problem 

of transition between the words through sequential dependencies between words. In other 

attempts in 1960s, psycholinguists try to create a representation of information contained 

in the text data. In the process of providing an explanatory theory for the nature of the 

representation, they proposed a hypothesis that “the mental encoding of a sentence 

corresponds to one of its linguistically motivated representations, its syntactic deep 

structure or its semantic representation”. Though this hypothesis was quickly proved 

incorrect but it leads the foundation for models which showed that text representation is 

influenced by world knowledge (context) which contribute a lot to semantic knowledge. 
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3. Semantic Representation Approaches 

The literature for semantic representations of text documents is very rich. It includes a 

number of approaches varying from domain specific semantic representations to more 

generic semantic representation. Though the categorization of these methods is very 

difficult, however, we have broadly categorized them on distributional approach (based 

on distribution words in or across the documents) and distributed approach (or learning 

perspective). To constrain the study, we have taken unsupervised and or semi-supervised 

distributed (embeddings) models in detail and left other models giving the only 

introduction. Thus, the next subsection (Section 3.1), is dedicated to the methods under 

the distributional approach for semantic representations. Recently, word embeddings are 

at the center of domain specific semantic representations. We briefly describe the methods 

under this category in the subsection 3.2. 

 

3.1. Distributional Approaches 

The edifice of distributional approach for meaning is built on distributional hypothesis 

(which states that words that appear in similar context have same semantics). Researchers 

also have given the name “vector semantics” [11] to the distributional approach of 

meaning, as it is generally based on VSM or co-occurrence matrix. 

Moreover, on distributional perspective, there are a plethora of methods such as VSM, 

TSM, Phrase-based approach, LSA, Topic Models, Graph-based approach (semantic 

graphs), Ontology-based approach etc. The subsection 3.1.1 discusses the major works in 

VSM. Ontologies and semantic graphs are excluded from this study, giving few points as 

an introduction. 

 

3.1.1. Vector Space Model: Text data, in very basic representation model, can be 

represented as a term-by-document matrix. Where, each row, in the matrix, is a document 

and each column represents a feature (word). Here, the collective set of features is 

typically called a dictionary. Therefore, each element in the matrix represents presence or 

absence of the word in the corresponding document. As a result of this representation, a 

matrix with binary entries is obtained. Though this model is very simple to understand 

and claimed less computation time to prepare the data, it uses all the words (weak or 

similar words) in the text data. As a consequence, a high dimensional sparse matrix is 

obtained. 

Moreover, in many applications, it is good to work with reduced sparseness. In the 

process, one obvious reduction is stop words removal, because these words hardly 

contribute anything towards meaning. Frequency is other important information that can 

be used in reducing the dimension of the matrix. Most frequent words often are most 

important in terms of meaning representation (other than stop words).  

The vector space model uses term frequencies (tf) in the document vectors. Raw co-

occurrence frequency measure is simple to understand. However, it is skewed and not 

very discriminative. Therefore, it isn't the best measure of association between words. 

García-Hernández et al., [12] use tf-idf representation in extractive text summarization, 

with weighted term-frequency and inverse sentence frequency (Table 1). 
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Table 1. Weighting Factors used in VSM 
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The tf–idf weighting scheme able to determine the relevance of a document by 

calculating the numerical (tf–idf) value of all the words in the document. Being frequency 

based method, it unable to identify the semantics, and it cannot deal with synonymy and 

polysemy. Synonymy may lead to decrease the cosine similarity value, whereas, 

polysemy tends to increase the similarity value, leading to a poor recall and poor precision 

respectively. High dimensionality is another problem which requires high memory space 

and computational time. 

Despite the fact that VSM is not suitable for semantic representation, with some 

modification, [13] used Concept Vector Representation model for representing the 

semantics of text to compute word relatedness using Temporal Semantic Analysis (TSA). 

In the model, instead of representing a word with a vector of unit concepts, authors 

manipulated vectors of time series, where each time series describes concept dynamics 

over time. The model is based on the hypothesis that concepts with similar behavior over 

time, are semantically related. Authors further revealed that this representation with extra 

temporal dimension could help in extracting the semantic relation between words. 

Another similar work by [14] used Wikipedia based ESA to compute semantic relatedness 

for obtaining a more meaningful semantic interpretation of a text fragment. 

Since VSM can represent an unformatted text document as simple and formulaic 

notation, various algorithms which had been used in data mining can be applied without 

any modification. Because of this advantage, lots of researches on VSM are being actively 

carried out. Though VSM (in its basic form) is easy to understand and effectively model 

the text document, it fails in capturing the semantic relation between the terms in the 

document. 

 

3.1.2. Latent Semantic Analysis: LSA [6] is a semantic space model that addresses the 

problems with tf-idf, of not capturing semantic relations between words. In the process of 

finding hidden semantics, LSA extract and represent the contextual-usage meaning of 

words by applying statistical methods on large text corpora. Based on word usages LSA 

compares two text pieces/documents by calculating semantic similarity between them. 

LSA is based on the assumption that words in the documents have some latent 

semantic structure and that structure must be same in all the synonyms of the word. Also, 

polysemy must have a variety of different semantic structures. LSA first forms a 

document-term matrix, using a document collection and then finds its low-rank 

approximation using Singular Value Decomposition (SVD). SVD decomposes and maps 

high-dimensional document and query vectors to fewer dimensional (say k-dimensional) 

semantic space. Semantic similarity between two documents can be determined by the 

distance between their projected vectors in the concept or semantic space. 
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For, a given word×contex (or word×document) matrix, A  with, T˃I, SVD 

factorizes A into U, ∑ and V such that [10]: 

A U VT                                                       (1) 

Where, the matrix U = [u1, u2, …, uI ] ∈  contains the I left singular vectors, V = 

[v1, v2, …, vT ] ∈  represents the T right singular vectors and   ∈  with 

nonnegative elements on the main diagonal. 

LSA improves the accuracy of text representation by retaining the semantic relations 

between words and mitigating the influence of synonymy and polysemy. Also, reduced 

rank by SVD able to map high-dimensional document vectors in VSM to low dimensional 

latent semantic space, reducing the dimensionality problem for large corpus. 

LSA has some limitations too. LSA basically designed for semantic analysis purposed. 

Therefore, its performance on other downstream tasks is not up to the mark. Secondly, 

LSA uses SVD for dimensionality reduction which is a mathematical treatment of the 

matrix and whose physical interpretation is not clearly defined. Also, controlling the SVD 

processes in large-scale data is difficult due to its high time and space complexity. 

Thirdly, LSA assumes Gaussian distribution between words and document, whereas 

reported distribution by is Poisson. An alternative to LSA, Probabilistic Latent Semantic 

Analysis (PLSA) [15] is reported with better results than LSA. 

 

3.1.3. Probabilistic Latent Semantic Analysis (PLSA): Probabilistic Latent Semantic 

Analysis (PLSA) [15], inspired and influenced by Latent Semantic Analysis (LSA) [6], 

used for learning a semantic representation of a word in its context of use, without using 

any thesaurus. Thus, it is helpful in disiguating polysemous words. It groups together the 

words with common context to reveals topical similarity. 

Unlike matrix transformation in LSA, PLSA uses generative model. Thus, it tries to 

approximate the exact solution using approximate calculation method. PLA uses iterative 

Expectation Maximization (EM) algorithm for constructing mapping which makes it more 

efficient. All probabilistic topic models work on the assumption that a document is mixed 

distribution of topics and each topic is probability distribution of words. Assumptions in 

PLSA topic fk is a distribution over a fixed size of vocabulary V. Thus, fk is essentially a 

vector that each element f(k,w) represents the probability that term w is chosen by topic k, 

namely: 

( | ) ( | )p w k f k w                                                  (2) 

PLSA effectively solve the problem of synonyms and polysemes by using EM 

algorithm to train latent classes. EM algorithm reduces time complexity thus, raising 

computing speed [16] and perform better than SVD. The disadvantage of PLSA is that it 

suffers from overfitting. Also, due to unsupervised nature, convergence rate while EM 

algorithm iterates in PLSA, is very slow. 

 

3.2. Distributed Approaches 

Distributional approaches, works on word count on co-occurrence window based on 

distributional hypothesis. These models are simple to train being count-based, but rare n-

grams can be poorly estimated. Moreover, most of these methods represent a semantic 

vector of a word treating word in isolation and failed to incorporate complex semantic 

relations between the words. Another class of semantic representations that work on word 

prediction is often called as distributed representations due to their distributed features in 

vector space. This section of the paper covers methods under distributed representations.  
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Word embeddings have been successfully implemented in language models, extractive 

summarization, machine translation, named entity recognition, disambiguation, parsing, 

semantic word cloud and social media mining [17]. 

 

3.2.1. Character Embeddings: Rather than using vectors corresponding to words, many 

researchers proposed character level vector representations. Mikolov et al., [18] used 

characters, syllables and frequent words in subword language model. This model is useful 

in handling out-of-vocabulary words. Another model character to word (C2W) proposed 

by Ling et al., [19] used for word representations. Words are composed of vectors of 

character, helpful in language modeling and POS tagging. Character-Aware Neural 

Language Model [20] is another approach that employs a convolutional neural network 

(CNN) and a highway network over characters with LSTM neural network language 

model. Authors analytically proved that their character model been able to encode both 

semantic and orthographic information. 

 

3.2.2. Word Embeddings (Word2Vec):Word embeddings popularized by word2vec, a 

family of energy-based modes [7] [8]. Word2vec internally use the continuous bag-of-

word (CBOW) model and skip-gram model for learning high-quality word vectors that 

can be efficiently trained on large amounts of text data. The target word in the CBOW has 

been predicted by combining the representations of surrounding (context) words and 

predicts the word in the middle. Alternatively, the skip-gram model trained to predict the 

source context words based on the target word. 
 

W(t-2)

W(t-1)

W(t+1)

W(t+2)

W(t-2)

W(t-1)

W(t+1)

W(t+2)

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

CBOW Skip-gram

W(t) W(t)

SUM

 

Figure 1. A simple CBOW and Skip-gram Model 

Algorithmically, both of these models are same, the difference in the way they trained 

to predict the target words. Figure 1 is an illustration of CBOW and Skip-gram models. 

The training objective of the CBOW model is to combine the representations of 

surrounding (context) words to predict the word in the middle (target word). Whereas, 

skip-gram model trained to predict the source context words based on the target word. 

These models were implemented in Word2vec, a google project led by Tomas Mikolov 

and claimed to be a computationally-efficient predictive model for learning word 

embeddings from raw text. 

Skip-gram successfully works on word analogies, but poorly utilizes the global co-

occurrence statistics as it trained on separate local context windows. GloVe [21], a 

specific weighted least squares model that trained on global word-word co-occurrence 
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matrix, thus, can be seen as an efficient model that uses global statistics. Eventually, 

GloVe can be advantageous over word2vec in that it is easier to parallelize the 

implementation. Consequently, this type of models can be trained over more data which is 

an advantage over word2vec. The disadvantage of GloVe over word2vec is that it is 

context counting model, whereas its counterpart is context predicting model. 

In [22], authors extend skip-gram model [7] and proposed topical word embeddings 

(TWE) and tried to incorporate word relations by associating topical information with 

words. They follow the notion that each word has different embeddings under different 

topics. Though TWE is successful in capturing topical information and complex word 

correlations, it suffers from the loss of word-order and contextual information. 

 

3.2.3. Multiple Embeddings per Word: The single vector representation corresponding 

to each word that most of the word embedding methods follow, suffers in handling 

homonymy and polysemy. As these models use only local context and sometimes local 

context are not sufficient to capture the exact semantics of word as words are often 

polysemous. Reference [23] follows the approach of multi-prototype vector space model 

and proposed a Global Context-Aware Neural Language Model capable of learning word 

embedding that better capture the semantics by incorporating both local and global 

document context. Authors handled homonymy and polysemy by learning multiple 

embedding per word. Thus the score for next word computed using local as well as global 

context. This multi-prototype word embeddings model mitigates the problem of 

homonymy and polysemy by generating multiple embeddings corresponding to a single 

word. However, the model ignores the complex correlation that most of the words have, 

as it generates multi-prototype vectors for each word in isolation. In reality, words may 

have semantic relations, causing their semantic cluster to overlap. Thus, there is not a 

clear semantic boundary between words. 
 

3.2.4. Embeddings of Longer Word Sequences: Researchers come up with embeddings 

of longer word sequences to incorporate word-sequence information. Consequently, 

phrase representation [24], sentence embeddings [25] and  paragraph vectors [26] were 

developed that capture the semantics of word (or distance between words). Paragraph 

vectors, an unsupervised learning method, successfully learn fixed-length feature 

representations from variable-length pieces of texts. Paragraph vector is an extension of 

work by Mikolov et al., [7] [8] in [26]. Though the model gives better performance on 

sentiment analysis, it lacks in capturing fine-grained sentence structure [25]. Sentence 

embedding model (Skip-Thoughts) shows great performance on BookCorpus. Authors 

used an encoder-decoder pair for semantics. Encoder encodes the current sentence s(t), 

and based on s(t) two separate decoders decode previous (s(t-1)) and next (s(t+1)) 

sentences. RNNs with Gated Recurrent Unit (GRU) are used for encoder-decoders. Skip-

Thought Vectors need extensive training on a large corpus of contiguous text. Recently 

autoencoder is (Context-sensitive Autoencoder) [27] used in representation learning for 

computing text pair similarity. In Context-sensitive Autoencoder contextual information 

is fed into deep autoencoders as low dimensional vectors.  

Word embeddings suffer from ignoring word-order, contextual and morphological 

information. Tensors [10], alternatives to vectors, are also gaining attention in semantic 

representation, for information retrieval [28], document analysis, text categorization.  

Convolutional Neural Networks (CNN) is another machine learning approach that is 

highly used in image processing and text mining. 

 

3.2.5. RNN Based Models: Feedforward Neural Network (FNN) used by Bengio et al., 

[29] in their neural language model, trained to predict the next word in the given sequence 

of words as well as learn vector representations for each word in the dictionary. However, 

it has limitation in its structure of not having memory to remember previous words. 
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Hence, the number of context words taken to predict the next word has been limited by a 

fixed number of input neurons, thereby missing the necessary contextual information in 

determining the target word. Researchers introduced some sort of memory in FNN 

architecture by incorporating extra neurons (context neurons) connected to hidden layer, 

which further increased to theoretically infinite size by introducing Recurrent Neural 

Network (RNN). Consequently, RNN can handle arbitrary context length and can 

efficiently represent more complex patterns than the shallow neural networks. 

 

 

Figure 2. Single RNN Unit 

Figure 2 is a single RNN unit. Unfolding this unit one can get complete architecture of 

RNN model which consists of input, hidden and output layers. The recurrent matrix in the 

RNN that connects hidden layer to itself, using time-delayed connections, contributes to 

the memory component in RNN [7]. The value of hidden layer gets updated based on the 

current input and the state of the hidden layer in the previous time step. 

1( h )t h t x th f W W x                                              (3) 

Where, xt is input at time t and ht-1 is the hidden state at time t-1 and f is a 

transformation function. Input and output of the network are series of vectors. Learning in 

RNNs is defined by optimizing objective functions. Table 2 is common choices of 

activation functions. Out of these, most commonly used activation function in 

feedforward neural nets is tanh. Figure 3 demonstrates the use of activation function 

to get output activations 

Table 2. Activation Functions 
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Figure 3. Use of Activation Function to get Output Activations 

Mikolov [30] added recurrence to hidden layer to improve neural net language model 

and reported perplexity reductions against Good-Turing trigram baseline over 50% and 

against modified Kneser-Ney smoothed 5-gram over 40%. Another similar kind of work 

by [31] improves perplexity and BLEU scores on statistical machine translation. A 

generalization of recurrent neural networks presented as recursive auto-encoders (RAE) 

by [32], been useful in full sentence paraphrase detection beating the state-of-the-art 

techniques in paraphrase detection almost doubling the F1 score on MSRP paraphrase 

corpus. Unsupervised RAE can be used to learn feature vectors for phrases from parse 

trees. The state of the art embedding model is word2Vec, which uses full neural network 

and trained on simple single-layer architecture based on the inner product between two 

word vectors. 
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Figure 4. Gradients through Backpropagation 

Recently, Mikolov et al., [33] presented a gradient descent optimization based RNN 

architecture to learn word sequences in natural language. By slight structural modification 

in RNN model, they get improved performance equivalent to LSTM on language 

modeling tasks.  

The extent, to which RNNs can be exploited, is limited by the effectiveness of training 

algorithms. Gradient based methods (Figure 4) suffer to exploding and vanishing gradient 
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problem; as back-propagated error quickly either blows up or vanish. Hence standard 

RNNs are not suitable for capturing long term-dependencies. 

 

3.2.6. CNN Based Models: RNN based embeddings are helpful in making a prediction 

within local context windows (shallow window-based method). However, these 

embeddings are task and domain specific. A unified model of multitask learning [34] was 

proposed to use convolutional neural network and learn a vector for multiple tasks. The 

network was trained jointly on all the tasks using weight-sharing. Researchers in the text 

mining community have exercised on various size of context window. To achieve the 

advantage of full context window [35] used the full context of a word for learning the 

word representations. SENNA system [35] uses convolutional neural networks to extract 

more generic representations that can be shared across the tasks of language modeling, 

named entity recognition, part-of-speech tagging, semantic role labeling, syntactic parsing 

and chunking. 

Convolutional Neural Network (CNN) have wide applications in computer vision. 

CNNs are particularly a variant of feedforward neural network. Using CNN is 

advantageous over traditional neural networks in terms of parameter sharing. Unlike 

traditional neural networks, CNN can reuse filter parameters in convolution operations to 

calculate the output. 

Given input sentence matrix W∈Rn×d and filter f∈Rm×d with sliding window size m, 

convolutional output of W and f is n-dimensional vector o:  
1 1

1, j ,

0 0

m d

i m k i k j

k j

o f W
 

  

 

                                           (4) 

Advantage of using CNN over RNN is that CNN can extract hierarchical features over 

large contexts by stacking it to represent large context windows. Besides, CNN can be 

parallelized as input does not depend on word sequences. 

 

3.2.7. LSTM Based Models 

Unrolling RNNs works better in local context and suitable for capturing relationships 

in sequential data i. e., word order information in case of text data. However, it failed in 

capturing long-term dependencies due to vanishing and exploding gradient problem. Long 

Short-Term Memory (LSTM), introduced in [36] resolves vanishing gradient problem, by 

introducing special units called memory blocks in the recurrent hidden layer. Memory 

blacks include memory cells and special multiplicative units called gates. Memory cells 

are capable of storing the temporal state information of the network. Additional 

multiplicative units control the flow of information in the network by regulating what to 

add and what to remove in the cell state. Memory cells maintain more constant error, by 

preserving the error that can be back propagated through different time steps and layers. 

Thus, allowing recurrent nets to continue learning over time steps and layers.   

Unlike RNN that impose bias towards recent observations, LSTM tries to solve the 

vanishing gradient problem by keeping constant error flowing back through time. Every 

cell in a simple LSTM consists of three nonlinear gates namely input (i), forget (f) and 

output (o). The input gate controls the flow of input activations into the memory cell. The 

forget gate selectively discards the long term dependencies information from going 

through into the network. The output gate selects the information need to pass to the next 

cell/layer. LSTM cell can be defined with a following set of equations: 

 

1( )i i

t t t ii x W h U b                                           (5) 

1( )f f

t t t ff x W h U b                                      (6) 
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1( )o o

t t t oo x W h U b                                      (7) 

1tanh( )g g

t t t gg x W h U b                               (8) 

1t t t t tc c f g i                                                (9) 

tanh( )t t th c o                                                    (10) 

( )y

t t yy hU b                                                  (11) 

Where, it, ft and ot are input, out and forget vectors respectively. ct is cell memory 

vector. σ is sigmoid function. W, U and b: parameter matrices (W is for weight, U is for 

update, and b is for bias) 

LSTM have several variations. Amongst other, [37] proposed a model with “peephole 

connections” which allows the gate layers to look at the cell state. Eqns 5-7 can be 

modified to get Eqns 12-14. 

1 1( )i i i

t t t t ii x W c V h U b                              (12) 

1 1( )f f f

t t t t ff x W c V h U b                         (13) 

1 1( )o o o

t t t t oo x W c V h U b                          (14) 

Other researchers rule out the concept of separately deciding the activations at forget 

and input gates and presented a model which coupled forget and input gates. The forget 

gate updated only when input gate is need to be updated and vice versa. Thus Eqn 9 can 

be redefined as: 

1 (1 )t t t t tc c f g f                                        (15) 

Gated Recurrent Unit (GRU) by [38] combines the forget and input gates into a single 

“update gate.” GRU adaptively capture dependencies on different time scales. It merges 

the cell state and hidden state to get Eqns 16-19. This results in a simpler model than 

basic LSTM model.  

1( )z z

t t tz W x U h                                             (16) 

1( )r r

t t tr W x U h                                              (17) 

1tanh( ( ) )j j

t t t tj x W r h W                               (18) 

1(1 )t t t t th z h z j                                         (19) 

Depth Gated RNNs proposed in [39] is another variation the LSTM have. To introduce 

a linear dependence between lower and upper recurrent units, memory cells in adjacent 

layers are connected by a new gate called “depth-gate.” Authors claimed that this new 

model improve the performance on machine translation and language modeling.  

 
1 1 1 1 1 1

1 1( )L L L L L L

t xi t hi t ci ti W x W h W c     

                  (20) 

1 1 1 1 1

1 1( )L L L L L

t xf t hf t cf tf W x W h W c    

                  (21) 

1 1 1 1 1 1 1

1( )L L L L L L L L

l d xd t cd t ld td b W x W c W c      

      (22) 

1 1 1 1 1

1 1tanh( )L L L L L L

t t t t t t xc t hc tc d c f c i W x W h    

       (23) 

1 1 1 1 1

1( c )L L L L L

t xo t ho t co to W x W h W    

                 (24) 

1 1 1tanh( )L L L

t t th o c                                            (25) 
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where 
1L

ti


,
1L

tf


,
1L

to 

and 
1L

ld 

are the input gate, forget gate, output gate and the depth 

gate. 

In Figure 5 the depth-gate 
1L

ld 

connects cell 
1L

tc 

 in layer L+1 to cell 
L

lc  in layer L 

and controls the flow of information from lower to upper layer.  

 

 

Figure 5. The Depth-Gated LSTM by Yao, et al. (2015) 

3.3. Tensor Space Model 

Embeddings are task and domain specific. Therefore, learning universal embeddings 

whilst keeping word-order and contextual information intact, is still a challenging task. 

Tensors [10], alternatives to vectors, are also gaining attention in semantic representation, 

for information retrieval [28], document analysis, text categorization. Dimensionality 

reduction in VSM is limited by the number of samples, whereas, TSM has no such limit. 

HOSVD under TSM can reduce the data to any dimension [28].  

 

4. Tools for Semantic Representation Learning 

The success and popularity of embeddings is also due to open-source software 

packages word2vec (including pre-trained word-embeddings), GloVe and Deeplearning4j. 

In this section, we present some of tools/software (Table 3) packages that are publically 

available as open source or as proprietary software for semantic representation learning. 

This may help a beginner choosing proper tool for her/his research. 
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Table 3. Tools/Software Packages for Semantic Representations  

Tools Open 

source 

Developed by Writte

n in 

Support for license Applications 

Deeplearni

ng 4j 

Yes DL4j community 

led by Adam 

Gibson; 

Skymind 

Java  Java, Scala, 

Clojure, 

Python 

(Keras) 

Apache 2.0 Anomaly Detection & 

Cyber Security 

TensorFlo

w 

Yes Google Brain 

team 

C++, 

Python 

Python 

(Keras), 

C/C++, Java, 

Go, R 

Apache 2.0 Machine Learning; 

to detect and decipher 

patterns and 

correlations, 

Used in Google 

products 

Torch  Yes Ronan Collobert, 

Koray 

Kavukcuoglu, 

Clement Farabet

  

C, Lua Lua, LuaJIT, 

C, utility 

library for 

C++/OpenC

L 

BSD 3-

clause 

“New” or 

“Revised” 

Deep Machine 

Learning, used by the 

Facebook AI 

Research Group, 

IBM, Yandex and the 

Idiap Research 

Institute 

Theano Yes machine learning 

group at the 

Université de 

Montréal 

Python Python BSD license Define, optimize, and 

evaluate mathematical 

expressions, 

especially with multi-

dimensional arrays 

Caffe Yes Berkeley Vision 

and Learning 

Center Originally 

Yangqing Jia 

C++ Python, 

MATLAB 

BSD license For deep learning 

 

ND4J 

 

Yes DL4j community, 

led by Adam 

Gibson 

Java  Java, Scala, 

Clojure, 

Python 

(Keras) 

Apache 2.0 for performing linear 

algebra and matrix 

manipulation in a 

production 

environment; used by 

Nasa JPL for tasks 

such as climatic 

modeling; 

Gensim Yes RaRe 

Technologies 

originally Radim 

Řehůřek 

Python NumPy, 

SciPy, 

Cython 

LGPL information Retrieval, 

Vector Space 

Modeling and Topic 

Modeling 

RapidMine

r 

No AI Unit of the 

Technical 

University of 

Dortmund 

Java GUI, R and 

Python 

scripts 

Proprietary 
(Limited 

free edition 

under a GPL 

license) 

data preparation, 

machine learning, 

deep learning, text 

mining, and predictive 

analytics 

Neural 

Designer 

No Artelnics C++ Graphical 

User 

Interface 

Proprietary Data mining, machine 

learning, predictive 

analytics 

Wolfram 

Mathemati

ca 

No Wolfram 

Research 

C/C++

, Java, 

Wolfra

m 

Langu

age 

Command 

line, Java, 

C++ 

Proprietary  Text Mining (SA), 

Computer algebra, 

numerical 

computations, 

information 

visualization, 

statistics 
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5. Conclusions 

This paper is first (to our knowledge), presenting systematic survey of methods for 

semantic representations. In the survey, we found that no approach is perfectly suitable 

for all text mining and NLP applications. Some is suitable for one set of applications 

others are for some other set. Therefore, the optimal approach for semantic 

representations depends on intended application. Moreover, it also depends on whether 

representations would be applied in supervised or unsupervised environment. In 

unsupervised environment, fast, shallow, log linear BoW models can still achieve the best 

performance. Models based on deep learning should be preferred for representations in 

supervised environment.  

It has been observed informally that longer embeddings (e. g., sentence and phrase 

rather than word and character) are more appropriate for capturing internal sentence 

structure, word-order and context which are suitable for applications that require deep 

language processing like machine translation and speech recognition. Word2Vec vectors 

works well on majority of supervised settings. However, for paraphrase identification, 

SDAEs is a better approach.  

Conclusively, these findings taken together provide valuable pointers for researchers 

looking to work in the field of semantic representations. Also, the survey shows that one 

need to develop a model for learning universal embeddings in unsupervised/semi-

supervised settings that incorporate contextual information as well as word-order 

information, with language independent features and which would be feasible for large 

dataset. 
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