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Abstract - Sarcasm requires some common learning among speaker and audience; it is a significantly logical marvel. Most 
computational ways to deal with sarcasm identification, in any case, regard it as a simply etymological issue, utilizing data, 
for example, lexical signs and their relating assessment as prescient features. Sarcasm detection is a vital procedure to filter 
out boisterous information (for this situation, snide sentences) from preparing information inputs, which can be utilized for 
natural language sentence generation. This paper is an aggregation of past work in sarcasm detection. In this paper it is 
demonstrated that by including an additional semantic data from the setting of an articulation on Twitter– for example, 
properties of the author, the gathering of people and the prompt informative condition – can accomplish gains in exactness 
contrasted with absolutely phonetic highlights in the detection of this unpredictable marvel, while likewise revealing insight 
into highlights of relational association that empower sarcasm in discussion. 
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I. INTRODUCTION 

 
“Sarcasm is a lowest form of wit but highest form of 
intelligence”-Oscar Wilde. The past works of the 
researchers have shown that sarcasm detection is an 
ambiguous and still an ongoing research problem. 
Sarcasm detection is the process of identifying 
whether a piece of text is sarcastic or non sarcastic. It 
is purely a text based approach. The online web-
based social networking is loaded with irony. What's 
more, from the most recent couple of years Twitter is 
exceptionally well known not exclusively to share 
clients thought, feeling, and articulation yet 
additionally for the feedback and incongruity. A 
tweet consists of 280 characters per message. 
According to statista.com, it shows that till 2018, the 
twitter has averaged at 335 million monthly active 
users. Extricating the non-literal dialect from the 
online networking is as yet a significant and 
continuous research issue. [1] shows that, on June 5, 
2014, the BBC reported that the U.S. Secret Service 
was looking for a software system that could detect 
sarcasm in social media data (BBC, 2014). Sarcasm is 
the point at which a person says the opposite he 
implies. Sarcasm is vague that it may be 
inconvenience whatever we are attempting to 
accomplish. In the event that a person utilizes 
sarcasm in discourse then it would be a less 
demanding undertaking to recognize. Since sarcasm 
depends on shared learning, good judgment and non 
verbal components however the issue emerges 
identifying sarcasm in content is that no tonal stress 
and no foundation data are accessible. For 
example:”PANDEY” could be a title of a person or a 
panwala. For this sort of conduct, sarcasm is 
additionally called as a contextual phenomenon i.e. 
ground detail is required to know the real importance. 
This is a survey paper on sarcasm detection 
dependent on various features, supervised and 
unsupervised learning techniques and the future work 
of the authors. 

 
Supervised: All data is labeled and the algorithms 
learn to predict the output from the input data which 
is labeled. 
Unsupervised: All data is unlabeled and the 
algorithms learn to inherent structure from the input 
data. 
 
Semi-supervised: Mixture of supervised and 
unsupervised techniques i.e. some data are labeled 
but most of them are unlabeled. 
 
Labeled data: Data for which we already know the 
target answer is called labeled data used for 
supervised algorithm. 
 
Unlabeled data: Data for which we don’t know the 
target answer so least we can do is arrange them 
according to their some pattern by clustering methods 
basically used by unsupervised algorithm. 
 
II. RELATED WORKS 

 
If we look at the problem of the past work of sarcasm 
detection is the combination of machine learning and 
natural language processing. After the brief 
illustration of the related previous work a table is 
given which consists of research paper, features, 
methods, results and the future work of the authors. 
 
In paper [2] describes automatic sarcasm detection in 
text from online communication platforms. This 
paper is a compilation of past work. They have 
observed three approaches: semi-supervised pattern 
extraction to identify implicit sentiment, use of hash 
tag based supervision, and incorporation of context 
beyond target text. Approaches are rule-based, 
statistical-based and deep learning-based.The authors 
described two rule based classifier: parse–based 
lexicon generation algorithm creates parse trees of 
sentences and identifies situation phrases that bear 
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sentiment. The second algorithm aims to capture 
hyperbolic sarcasm (i.e. by using interjections such as 
‘wow’ and intensifiers such as ‘absolutely’) that 
occur together. Most of the approaches use bag of 
words as features. Pattern based features are also used 
to indicate the presence of discriminative patterns 
(such as ‘as fast as a snail’). The issues in sarcasm 
detection, is to deals with the quality of the 
annotation and to deals with using sentiment as a 
feature for classification. Finally the issue lies in the 
context of handling unbalanced datasets. The authors 
mentioned that in the past research papers most of the 
works relies on different form of Support vector 
Machines. SVM and Logistic Regression, with the χ2 
(chi-square) test used to identify discriminating 
features. It is mentioned that some of the researchers 
used Naïve Bayes and Decision Trees for multiple 
pairs of labels among irony, humor, politics and 
education. Some used binary logistic regression. A 
part of deep learning methods are also mentioned in 
this paper. In Deep learning approach the authors 
used a combination of a Convolutional Neural 
Network, a Recurrent Neural Network-LSTM (Long 
Short Term Memory). They have compared their 
approach against 
recursive SVM, and showed an improvement for the 
deep learning architecture. 
 
In [3] describes that Twitter (social media) can be 
used for various real-time notifications such that 
necessary for help during a large-scale fire 
emergency and live traffic updates. The researchers 
try to detect the location and real time of events by 
using Twitter data. After obtaining the feature vector, 
they implement it to support vector machine (SVM) 
as the classifier. In order to detect target event and 
estimate its location, they decided to use probabilistic 
model. If the probability is larger than a 
predetermined threshold, then it determines an actual 
occurrence of the target event. This helps choosing an 
appropriate threshold and then builds of temporal 
model. They considered each Twitter user as a virtual 
sensor, and use semantic analysis to classify tweets 
into a positive and negative class. Then the authors 
applied the Kalman filtering or particle filtering into 
estimating the locations of events. They hypothesis 
that by mining tweet information, the author can 
detect event occurrence in real-time and provide 
location estimation of events such as earthquakes and 
traffic jams. 
 
In [4], the researchers present a series of experiments 
to discern the effect of extra-linguistic information on 
the detection of sarcasm. By identifying the authors 
of all tweets mentioning #sarcasm or #sarcastic in the 
Garden hose sample of tweets from August 2013–
July 2014, and moving up to the most recent 3,200 
tweets of those authors. In classification task they 
adopt binary logistic regression with l2 regularization 
using tenfold cross validation. Features are divided 

into TWEET FEATURES, RESPONSE FEATURES, 
AUDIENCE FEATURES and AUTHOR 
FEATURES. The authors considered the combination 
of features to compare the performance. The 
combinations are TWEET FEATURES + 
RESPONSE FEATURES; TWEET FEATURES + 
AUDIENCE FEATURES; TWEET FEATURES 
+AUTHOR FEATURES and adding all features 
together in one model. Including all features together 
yields the best performance at 85.1%, but most of 
these gains come simply from the addition of author 
information. When the authors combined the features 
with other features they get better accuracy over 
tweet alone. 
 
In paper [5], the authors endeavor to plan a machine 
learning calculation for sarcasm identification in 
content by utilizing the work done by Mathieu Cliche 
of www.thesarcasmdetector.com and enhancing it. 
They categorized the features as n-grams, sentiments, 
POS, capitalizations. To analyze the classification 
problem the authors start by training a simple Naive 
Bayes classifier. Based on the error analysis from this 
classifier, they tried other classifiers such as one class 
SVM and a binary SVM with different features and a 
non-linear kernel (Gaussian kernel). They use the 
confusion matrix to visualize the classification 
accuracy based on the training data. Naïve Bayes 
classifier gives 25240 patterns that are sarcastic, 
25180 were correctly predicted Sarcastic while 60 
were incorrectly predicted as Non-Sarcastic (accuracy 
of 99.76%). Similarly, of the 25278 patterns that are 
non-sarcastic, 24.28% was reported to be correctly 
predicted Non-Sarcastic. The overall accuracy of the 
classifier for predicting both classes and given this 
dataset was evaluated achieving 62.02%. The author 
mentioned that there is a possibility that the dataset is 
not linearly separable and so using a Gaussian kernel 
instead of a linear kernel in the SVM might be a 
better approach. After achieving the accuracy of 
features they mentioned that the use of unigrams and 
bigrams alone is not sufficient. When combined with 
other types such as topic modeling, the accuracy is 
greatly increased. They have concluded that more 
investigation on the binary SVM is warranted. 
 
In [6] describes a general purpose vector 
representation of tweets. Tweet embedding is done by 
using character level-CNN LSTM (Long Short Term 
Memory) encoder decoder. The researchers have 
trained their model on 3 million, randomly selected 
English Language Tweets. Tweet2vec is a vector 
representation of tweets which can be used for any 
classification task and it can be used to train any of-
the shelf classifier (e.g. logistic regression, SVM).For 
machine translation, encoder decoder model is used 
based on long short-term memory (LSTM) and gated 
recurrent neural networks. Encoder enciphered the 
sentence from the source language to vector 
representation whereas decoder translates the 
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encoded vector to the target language. Encoder 
consists of Convolutional layer (extract feature from 
the character) and LSTM layer whereas decoder 
consists of. The goal of the paper is given a pair of 
tweets find the semantic equivalence between them. 
In conclusion the authors mentioned that tweet 
embeddings are best-suited to deal with noise and 
idiosyncrasies of tweets. As a future work, the 
authors plan to extend the method to include: 
expansion of information through reordering the 
words in the tweets to make the model vigorous to 
word-arrange, abusing consideration system to their 
model to enhance arrangement of words in tweets 
amid translating. 
 
In paper [7], the researcher represents a novel 
computational model that capable to detect sarcasm 
in social network Twitter. Here they did not include 
patterns of words as features. They have used seven 
set of lexical features aim to detect sarcasm by its 

inner structure abstracting from the use of specific 
terms. A system was designed to detect sarcasm 
without the use of words and patterns of words. The 
author used a corpus of 60,000 tweets which is 
equally divided into six different topics: Sarcasm, 
Education, Humor, Irony, Politics and Newspaper. 
They described that detection of sarcasm is a 
classification problem and applied supervised 
machine learning methods to the twitter corpus. It is a 
binary classification problem so tree based classifier 
i.e. decision tree is used. Education, humour, irony, 
newspaper and politics are considered as a negative 
topics. They have concluded that they will try new 
experiments with different negative topics and 
different kind of text from Amazon reviews. 
 
The previous related works on sarcasm detection is 
mentioned in Table 1 from [8-20] along with their 
authors, features, methods, results and future works. 

 
TABLE 1: RELATED WORKS IN TABULAR FORM 
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CONCLUSIONS 
 
As sarcasm detection is an ongoing research problem 
because it is ambiguous. Research on sarcasm 
detection has developed essentially in the recent 
years, requiring a look-back at the overall picture that 
these individual works have prompted. This is a 
survey paper provided the details regarding sarcasm 
detection dependent on supervised and unsupervised 
methodologies. From the study conducted, it has been 
found that most of the cases supervised approach is 
relatively feasible to implement in real time 
compared to the unsupervised approach. 
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