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ABSTRACT We propose learning sentiment-specific word embeddings dubbed sentiment 

embeddings in this paper. Existing word embedding learning algorithms typically only use the 

contexts of words but ignore the sentiment of texts. It is problematic for sentiment analysis 

because the words with similar contexts but opposite sentiment polarity, such as good and bad, 

are mapped to neighboring word vectors. We address this issue by encoding sentiment 

information of texts (e.g., sentences and words) together with contexts of words in sentiment 

embeddings. By combining context and sentiment level evidences, the nearest neighbors in 

sentiment embedding space are semantically similar and it favors words with the same sentiment 

polarity. In order to learn sentiment embeddings effectively, we develop a number of neural 

networks with tailoring loss functions, and collect massive texts automatically with sentiment 

signals like emoticons as the training data. Sentiment embeddings can be naturally used as word 

features for a variety of sentiment analysis tasks without feature engineering. We apply 

sentiment embeddings to word-level sentiment analysis, sentence level sentiment classification, 

and building sentiment lexicons. Experimental results show that sentiment embeddings 

consistently outperform context-based embeddings on several benchmark datasets of these tasks. 

This work provides insights on the design of neural networks for learning task-specific word 

embeddings in other natural language processing tasks. 

Index Terms—Natural language processing, word embeddings, sentiment analysis, neural 

networks 

INTRODUCTION WORD representation 

attempts to represent aspects of word 

meanings. For example, the representation 

of “cellphone” may capture the facts that 

cellphones are electronic products, that they 

include battery and screen, that they can be 

used to chat with others, and so on. Word 

representation is a critical component of 
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many natural language processing systems 

[4], [5] as word is usually the basic 

computational unit of texts. A straight 

forward way is to represent each word as a 

one-hot vector, whose length is vocabulary 

size and only one dimension is 1, with all 

others being 0. However, one hot word 

representation only encodes the indices of 

words in a vocabulary, but fails to capture 

rich relational structure of the lexicon. To 

solve this problem, many studies represent 

each word as a continuous, low-dimensional 

and real valued vector, also known as word 

embeddings [6], [7], [8]. Existing 

embedding learning approaches are mostly 

on the basis of distributional hypothesis [9], 

which states that the representations of 

words are reflected by their contexts. As a 

result, words with similar grammatical 

usages and semantic meanings, such as 

“hotel” and “motel”, are mapped into 

neighboring vectors in the embedding space. 

Since word embeddings capture semantic 

similarities between words, they have been 

leveraged as inputs or extra word features 

for a variety of natural language processing 

tasks, including machine translation [10], 

syntactic parsing [11], question answering 

[12], discourse parsing [13], etc. Despite the 

success of the context-based word 

embeddings in many NLP tasks [14], we 

argue that they are not effective enough if 

directly applied to sentiment analysis [15], 

[16], [17], which is the research area 

targeting at extracting, analyzing and 

organizing the sentiment/opinion (e.g. 

thumbs up or thumbs down) of texts. The 

most serious problem of context-based 

embedding learning algorithms is that they 

only model the contexts of words but ignore 

the sentiment information of text. As a 

result, words with opposite polarity, such as 

good and bad, are mapped into close vectors 

in the embedding space. This is meaningful 

for some tasks such as pos-tagging [18] 

because the two words have similar usages 

and grammatical roles. However, it becomes 

a disaster for sentiment analysis as they have 

opposite sentiment polarity labels. In this 

paper, we propose learning sentiment-

specific word embeddings dubbed sentiment 

embeddings for sentiment analysis. We 

retain the effectiveness of word contexts and 

exploit sentiment of texts for learning more 

powerful continuous word representations. 

By capturing both context and sentiment 

level evidences, the nearest neighbors in the 

embedding space are not only semantically 

similar but also favor to have the same 
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sentiment polarity, so that it is able to 

separate good and bad to opposite ends of 

the spectrum. In order to learn sentiment 

embeddings effectively, we develop a 

number of neural networks to capture 

sentiment of texts (e.g. sentences and words) 

as well as contexts of words with dedicated 

loss functions. We learn sentiment 

embeddings from tweets1, leveraging 

positive and negative emoticons as pseudo 

sentiment labels of sentences without 

manual annotations. We obtain lexical level 

sentiment supervision from Urban 

Dictionary2 based on a small list of 

sentiment seeds with minor manual 

annotation. We evaluate the effectiveness of 

sentiment embeddings empirically by 

applying them to three sentiment analysis 

tasks. Word level sentiment analysis on 

benchmark sentiment lexicons [19], [20] can 

help us see whether sentiment embeddings 

are useful to discover similarities between 

sentiment words. Sentence level sentiment 

classification on tweets [21], [22] and 

reviews [23] help us understand whether 

sentiment embeddings are helpful in 

capturing discriminative features for predict 

the sentiment of text. Building sentiment 

lexicon [24] is useful for measuring the 

extent to which sentiment embeddings 

improve lexical level tasks that need to find 

similarities between words. Experimental 

results show that sentiment embeddings 

consistently outperform context-based word 

embeddings, and yields state of-the-art 

performances on several benchmark datasets 

of these tasks. 

The major contributions of the work 

presented in this paper are as follows. 

 We propose learning sentiment embeddings 

that encode sentiment of texts in continuous 

word representation.  

We develop a number of neural networks 

with tailoring loss functions to learn 

sentiment embeddings. We learn sentiment 

embeddings from tweets with positive and 

negative emoticons as distant-supervised 

corpora without any manual annotations.  

We verify the effectiveness of sentiment 

embeddings by applying them to three 

sentiment analysis tasks. Empirical 

experimental results show that sentiment 

embeddings outperform context-based 

embeddings on several benchmark datasets 

of these tasks. 

Sentence Level Sentiment Classification 

We apply sentiment embeddings in a 

supervised learning framework for sentiment 
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classification of sentences [63], [64]. Instead 

of using hand-crafting features, we use 

sentiment embeddings to compose the 

feature of a sentence. The sentiment 

classifier is built from sentences with 

manually annotated sentiment polarity. 

Specifically, we use a semantic composition 

based framework [1] to get sentence 

representation. The basic idea is to compose 

sentence level features from sentiment 

embeddings of words. This is based on the 

principal of compositionality [65], which 

states that the meaning of a longer 

expression (e.g., a sentence) is determined 

by the meaning of words it contains. We use 

max, average and min pooling layers [1], [3] 

to obtain the sentence representation, which 

have been used as simple and effective 

methods for compositionality learning in 

vector-based semantics [66]. Each pooling 

layer pooling employs the embedding of 

words and conducts matrix-vector operation 

of p on the sequence represented by columns 

in each lookup table. zðsÞ is the 

concatenation of results obtained from 

different pooling functions. In this way, 

there is no additional parameters in the 

composition component, so that we can 

naturally build a SVM classifier with the 

composed sentence representation and 

compare to other state-of-the-art features 

[64], [67] for fair comparison. Furthermore, 

it is also convenient to investigate whether 

there is a further performance boost by 

integrating sentence embedding feature with 

existing feature sets. Sentiment embeddings 

can also be naturally fed to other semantic 

composition models like Recursive Neural 

Network and Convolution Neural Network. 

EXISTING SYSTEM: 

❖ Existing embedding learning 

approaches are mostly on the basis of 

distributional hypothesis, which 

states that their presentations of 

words are reflected by their contexts. 

Asa result, words with similar 

grammatical usages and semantic 

meanings, such as “hotel” and 

“motel”, are mapped into 

neighboring vectors in the 

embedding space.  

❖ Since word embeddings capture 

semantic similarities between words, 

they have been leveraged as inputs or 

extra word features for a variety of 

natural language processing tasks. 

❖ Mnih and Hinton introduce a log-

bilinear language model.  



ANURADHA L, et al, International Journal of Computers Electrical and 
Advanced Communication Engineering [IJCEACE]TM 
Volume 1, Issue 12, PP: 266 - 273, AUG - DEC’ 2017. 
 
 

 

 

 

 

International Journal of Computers Electrical and Advanced Communications Engineering 

                                               Vol.1 (12), ISSN: 2250-3129, AUG - DEC’ 2017                                  PP: 266 - 273                                                                                                                                            

     

❖ Collobert and Weston train word 

embeddings with a ranking-type 

hinge loss function by replacing the 

middle word within a window with a 

randomly selected one.  

❖ Mikolov et al. introduce continuous 

bag-of-words(CBOW) and 

continuous skip-gram, and release 

the popular word2vec3 toolkit. 

CBOW model predicts the current 

word based on the embeddings of its 

context words, and Skip-gram model 

predicts surrounding words given the 

embeddings of current word.  

❖ Mnih and Kavukcuoglu accelerate 

the embedding learning procedure 

with noise contrastive estimation. 

DISADVANTAGES OF EXISTING 

SYSTEM: 

❖ The most serious problem of 

context-based embedding learning 

algorithms is that they only model 

the contexts of words but ignore the 

sentiment information of text. As a 

result, words with opposite polarity, 

such as good and bad, are mapped 

into close vectors in the embedding 

space. 

❖ Existing word embedding learning 

algorithms typically only use the 

contexts of words but ignore the 

sentiment of texts. 

PROPOSED SYSTEM: 

❖ In this paper, we propose learning 

sentiment-specific word embeddings 

dubbed sentiment embeddings for 

sentiment analysis. We retain the 

effectiveness of word contexts and 

exploit sentiment of texts for 

learning more powerful continuous 

word representations.  

❖ By capturing both context and 

sentiment level evidences, the 

nearest neighbors in the embedding 

space are not only semantically 

similar but also favor to have the 

same sentiment polarity, so that it is 

able to separate good and bad to 

opposite ends of the spectrum. 

❖ We learn sentiment embeddings 

from tweets, leveraging positive and 

negative emoticons as pseudo 

sentiment labels of sentences with 

out manual annotations. We obtain 

lexical level sentiment supervision 

from Urban Dictionary based on a 
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small list of sentiment seeds with 

minor manual annotation. 

❖ We propose learning sentiment 

embeddings that encode sentiment of 

texts in continuous word 

representation. 

❖ We learn sentiment embeddings 

from tweets with positive and 

negative emoticons as distant-

supervised corpora without any 

manual annotations. 

❖ We verify the effectiveness of 

sentiment embeddings by applying 

them to three sentiment analysis 

tasks. Empirical experimental results 

show that sentiment embeddings 

outperform context-based embedding 

son several benchmark datasets of 

these tasks. 

ADVANTAGES OF PROPOSED 

SYSTEM: 

❖ We evaluate the effectiveness of 

sentiment embeddings empirically 

by applying them to three sentiment 

analysis tasks.  

❖ Word level sentiment analysis on 

benchmark sentiment lexicon scan 

help us see whether sentiment 

embeddings are useful to discover 

similarities between sentiment 

words.  

❖ Sentence level sentiment 

classification on tweets and reviews 

help us understand whether 

sentiment embeddings are helpful in 

capturing discriminative features for 

predict the sentiment of text.  

❖ Building sentiment lexicon is useful 

for measuring the extent to which 

sentiment embeddings improve 

lexical level tasks that need to find 

similarities between words.  

❖ Experimental results show that 

sentiment embeddings consistently 

out perform context-based word 

embeddings, and yields state-of-the-

art performances on several 

benchmark datasets of these tasks. 
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CONCLUSION  

We learn sentiment-specific word 

embeddings (named as sentiment 

embeddings) in this paper. Different from 

majority of exiting studies that only encode 

word contexts in word embeddings, we 

factor in sentiment of texts to facilitate the 

ability of word embeddings in capturing 

word similarities in terms of sentiment 

semantics. As a result, the words with 

similar contexts but opposite sentiment 

polarity labels like “good” and “bad” can be 

separated in the sentiment embedding space. 

We introduce several neural networks to 

effectively encode context and sentiment 

level informations simultaneously into word 

embeddings in a unified way. The 

effectiveness of sentiment embeddings are 

verified empirically on three sentiment 

analysis tasks. On word level sentiment 

analysis, we show that sentiment 

embeddings are useful for discovering 

similarities between sentiment words. On 

sentence level sentiment classification, 

sentiment embeddings are helpful in 

capturing discriminative features for 

predicting the sentiment of sentences. On 

lexical level task like building sentiment 

lexicon, sentiment embeddings are shown to 

be useful for measuring the similarities 

between words. Hybrid models that capture 

both context and sentiment information are 

the best performers on all three tasks. 
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