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Abstract

Sarcasm is prevalent in all corners of social
media, posing many challenges within Natu-
ral Language Processing (NLP), particularly
for sentiment analysis. Sarcasm detection re-
mains a largely unsolved problem in many
NLP tasks due to its contradictory and typi-
cally derogatory nature as a figurative language
construct. With recent strides in NLP, many
pre-trained language models exist that have
been trained on data from specific social me-
dia platforms, i.e., Twitter. In this paper, we
evaluate the efficacy of multiple sarcasm de-
tection datasets using machine and deep learn-
ing models. We create two new datasets - a
manually annotated gold standard Sarcasm An-
notated Dataset (SAD) and a Silver-Standard
Sarcasm-annotated Dataset (S3D). Using a
combination of existing sarcasm datasets with
SAD, we train a sarcasm detection model over
a social-media domain pre-trained language
model, BERTweet, which yields an F1-score
of 78.29%. Using an Ensemble model with an
underlying majority technique, we further label
S3D to produce a weakly supervised dataset
containing over 100, 000 tweets. We publicly
release all the code, our manually annotated
and weakly supervised datasets, and fine-tuned
models for further research.

1 Introduction

Figurative language, such as the use of metaphors,
irony and sarcasm, is ubiquitous in human com-
munication, from ancient religious texts to social
media micro texts. The detection of sarcasm in
human communication is a challenging task where
the goal is to identify sarcastic utterances from the
data provided. There is no one definitive definition
of sarcasm due to its nature as a language con-
struct relying on factors such as domain and con-
text, even regional differences (Dress et al., 2008),
but a widely accepted definition is “a form of ver-
bal irony that is intended to express contempt or
ridicule” (Joshi et al., 2017).

Sarcasm has a diminishing effect on sentiment
analysis due to sarcastic text often having the op-

posite implied meaning to a literal word-for-word
meaning of the text (Pang and Lee, 2008). For
example, “I just love it when my flight gets de-
layed for 4 hours”, is clearly sarcastic, as using
the word “love” to express feelings on something
rather inconvenient would be unusual outside of
a sarcastic context. Such challenges demonstrate
the importance of recognising sarcasm in social
media (Farhadloo and Rolland, 2016), as recog-
nising the potential for a given text utterance to
be sarcastic can bridge the gap in human-machine
communication. The NLP research community has
investigated the detection of sarcasm using vari-
ous machine/deep learning approaches (Potamias
et al., 2019; Ghosh and Veale, 2016; Reyes and
Rosso, 2011; Wankhade et al., 2022). Several
datasets exist for the task of sarcasm detection us-
ing text (Riloff et al., 2013; Ptacek et al., 2014;
Van Hee et al., 2018; Khodak et al., 2017) as well as
multimodal datasets (Castro et al., 2019; Ray et al.,
2022), which support the extraction of features
from video and speech. Transformer (Vaswani
et al., 2017) based language models have shown to
perform very well for classification tasks in various
NLP sub-areas, and a number of BERT (Devlin
et al., 2018a) based language models have been
released which can help perform this NLP task.

In this paper, we attempt to collate these efforts
for the task of sarcasm detection. We restrict our
focus to the detection of sarcasm on a social me-
dia platform, i.e., Twitter. Initially, we curated
our dataset (SAD) by crawling for tweets and la-
belling them with the help of two annotators. We
extensively evaluate machine and deep learning-
based approaches on various existing datasets and
our dataset. We apply standard pre-processing
and combine all the datasets to evaluate several
classification approaches. Using an Ensemble of
the best language models trained over the largest
datasets, we further label 100K tweets to create
Silver-Standard Sarcasm-annotated Dataset (S3D).
The key contributions of our work are as follows:
1) A sarcasm-annotated dataset (SAD) of social
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media microblogs, 2) Performance evaluation of
various existing language models for the binary
classification task of sarcasm detection, 3) Cura-
tion and weak-supervision-based labelling for a
silver-standard sarcasm-annotated dataset (S3D),
4) Release of code, data, and models created on
Github, and HuggingFace platforms, publicly, for
the research community!.

This paper is organised as follows. Section 2
briefly describes previous approaches to sarcasm
detection. Section 3 describes our chosen datasets
and their sources. Section 4 explains the methodol-
ogy behind the proposed experiments, summaris-
ing the approaches for our machine learning and
deep learning experiments. Section 5 discusses
choices made for running our experiments, Sec-
tion 6 discusses the results of these experiments
in detail, along with the approach used to obtain a
new weakly supervised dataset.

2 Related Work

Transformer-based approaches have increased in
prevalence within NLP and also within sarcasm
detection literature. This is most notably due to
their ability to accurately pick up semantic and
syntactic relationships within a piece of text. Joshi
et al. (2017) discuss various approaches to the task
of sarcasm detection including rule-based and ma-
chine learning-based, and also discusses sarcasm
from the linguistics perspective. Shangipour ataei
et al. (2020) dicusses several approaches to perform
sarcasm detection. These include a BERT (De-
vlin et al., 2018b) model with no concatenated
layers, BERT encodings with a Logisitic Regres-
sion model, and other language models such as
IAN (Ma et al., 2017) which are trained and evalu-
ated on a Twitter-based sarcasm dataset. In these
experiments, the BERT language model with no
added layers performs the best on the dataset,
achieving an F1-score of 73.4. Some existing liter-
ature investigates methods for performing sarcasm
detection in Arabic (Abu Farha and Magdy, 2021),
where a multitude of Transformers are used, in-
cluding mBERT, XLM-RoBERTa (Conneau et al.,
2020) and language-specific models like MAR-
BERT (Abdul-Mageed et al., 2021). The best
model in this research achieves an Fl-score of
58.4 in a low-resource scenario. In Potamias et al.
(2019), an RCNN-RoBERTa methodology was pro-
posed, where a RoOBERTa transformer was utilized

lhttps ://github.com/surrey-nlp/S3D

with BiLSTM to improve upon F1-scores from
state-of-the-art neural network classifiers on the
dataset released with the SemEval 2018 Shared
Task 3 (Van Hee et al., 2018). This paper also re-
ports that the RCVV-RoBERTa approach achieved
an Fl-score of 90.0 on the Riloff dataset (Riloff
etal., 2013). Ghosh and Veale (2016) demonstrate a
variety of results on a Twitter dataset, training a col-
lection of architectures involving Convolution Neu-
ral Network (CNN) and Long-Short Term Mem-
ory (LSTM) to achieve an impressive F1-score of
92.1 with their best configuration. An Ensemble
approach was demonstrated in Goel et al. (2022)
where a weighted average Ensemble of a CNN, an
LSTM and a Gated Recurrent Unit (GRU) based
architectures are trained with GloVe (Pennington
et al., 2014) word embeddings in order to identify
sarcasm, showing that the Ensemble outperformed
others by up to 8% on SARC (Khodak et al., 2017),
a Reddit comments dataset.

Machine learning approaches have decreased
in popularity due to the improvements shown by
Transformers-based architectures in recent devel-
opments. Earlier approaches to sarcasm detection
include Reyes and Rosso (2011) and Barbieri et al.
(2014) that used a Naive Bayes and Decision Tree
model, respectively, in order to identify sarcasm
where both achieve the best F1-scores over 70 on
their chosen datasets.

To curate sarcasm-annotated datasets, one can
perform manual annotation, which involves a sig-
nificant cost in terms of time and money. Moreover,
manual annotations for subjective linguistic con-
structs like sarcasm are questionable unless multi-
ple annotators label the data, and an almost perfect
inter-annotator agreement can be seen within the la-
belling. An example of this approach is the creation
of the Riloff dataset (Riloff et al., 2013). On the
other hand, sarcasm research has also utilised ‘self-
annotated tags’ from social media forums, such
as ‘#sarcasm’ from tweets and ‘/s’ in Reddit com-
ments. Such data collection methods can be auto-
mated, and a large amount of data can easily be
collected. However, the quality of such datasets in
terms of label accuracy can be questioned. Self-
annotation was used in the creation of the Ptacek
dataset (Ptacek et al., 2014) from English tweets,
and the creation of the SARC dataset (Khodak et al.,
2017) from Reddit comments. However, we fol-
low a hybrid approach as we collect SAD using
“#sarcasm’ from Twitter and then manually label it.
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A limitation of publicly available datasets based
on tweet IDs, e.g., Riloff et al. (2013) is that the
tweet data retrieval based on the IDs can diminish
over time. If a significant number of tweets are
deleted, then it would not be possible to reproduce
the results on the original dataset. In e.g., Riloff
et al. (2013), the number of tweets, at the time
of writing the paper, that can be retrieved related
to the IDs in the dataset is 710 compared to the
original 3000 data instances. The contribution of
our weak supervision-based approach is to help
produce labelled data, the benefit of which could be
to augment existing datasets that have diminished
over time with automatically labelled data or also
to create new silver standard datasets.

3 Datasets

We test our proposed approach for sarcasm de-
tection on a total of six datasets, summarised in
Table 1. Four of these data sets are benchmark
datasets retrieved from either Twitter or Reddit
summarised below: SARC: The only benchmark
Reddit dataset we use is the SARC dataset (Kho-
dak et al., 2017), a vast corpus of self annotated
comments that were collected taking advantage
of the ’/s’ tag that Reddit users can insert at the
end of a comment to denote sarcasm. Ptacek:
In Pticek et al. (2014) an English and Czech sar-
casm dataset was released to demonstrate the ap-
plicability a machine learning approach for sar-
casm detection. For our proposed experiments the
English dataset was used, which was curated col-
lecting self-annotated tweets containing the #sar-
casm hashtag. SemEval2018: We use the SemEval
2018 Task 3 dataset, which is a manually annotated
Twitter dataset that was released for the SemEval
2018 Irony Detection in English Tweets shared
task (Van Hee et al., 2018). Riloff: We use the
dataset released by Riloff et al. (2013), which was
manually annotated for sarcasm in order to train
a bootstrapping algorithm on positive sentiment
phrases and negative situation phrases from sarcas-
tic tweets.

3.1 Our Dataset (SAD)

The first new dataset we introduce is the SAD
dataset, a collection of scraped tweets containing a
total of 2,340 data points, 1,170 of which are ini-
tially self-annotated for sarcasm through selecting
tweets that contained the #sarcasm hashtag.

The TWINT? library was used to search for
tweets that contained a #sarcasm hashtag, which
was stored along with other relevant data points,
including the respective tweet ID and username
associated with the said tweet. Within the dataset,
we ensured that there was one sarcastic and one
non-sarcastic tweet for each unique username. We
used TWINT to scrape and identify a second tweet
for each user name to achieve this.

This resulted in several tweets, which were man-
ually labelled by two annotators to ensure label ac-
curacy and the presence of sarcasm; while ensuring
that the tweet is not just a list of hashtags attached
to a link to an image or website - a common spam-
ming method on Twitter. To assign the final class
label on disputed data instances, we requested a
third annotator to go through the tweet and assign a
class label (without looking at any of the previous
annotations). We obtain an inter-annotator agree-
ment score of 0.83 (Cohens’ Kappa) where the
p-value was < 0.05 which signifies almost perfect
agreement. We also compared the manually la-
belled sarcastic tweets with the self-annotations in
the same tweets, and 98% matches were observed.

3.2 Combined Dataset

The second dataset is a new ‘Combined’ dataset.
This collates the four benchmark datasets and the
new SAD dataset. This resulted in a corpus of
1,022,546 entries of labelled text, both taken from
Reddit and Twitter, where an approximate split of
50/50 sarcastic to non-sarcastic text was achieved.
We hypothesise that various domains of sarcastic
text present in multiple datasets should help a com-
putational model generalise better and learn to
identify sarcastic instances. We perform similar
experiments on this dataset to generate sarcasm
detection models and evaluate over its test set.

3.3 Dataset Statistics and Validation

In Table 1, there is a clear difference between the
size of each of the datasets. Most noticeably, the
SARC dataset has over 1,000,000 entries, in com-
parison to the Riloff dataset, which has less than
1,000. Most of the datasets are balanced to an ap-
proximate 50% split for sarcastic and non-sarcastic
text alike.

In the case of the Riloff and Ptacek datasets, both
available versions online only contained the tweet
IDs and their respective labels, meaning they were

2TWINT website: https://github.com/twintproject/twint
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Dataset Total | Training Validation Testing | Sarcastic Non-Sarcastic
SARC 1,010,773 | 707,541 151,616 151,616 | 505,368 505,405
Ptacek 4,906 3,434 736 736 2,781 2,125
SemEval 3,817 2,671 573 573 1,901 1,916
Riloff 710 497 106 107 160 550
SAD (Our Dataset) | 2,340 | 1,638 351 351 1,170 1,170
Combined | 1,022,546 | 715782 153,382 153,382 | 511,380 511,166

Table 1: Table demonstrating the Train/Valid/Test and Sarcastic/Non-sarcastic splits of the chosen datasets

collected by using Tweepy, the Python library used
for accessing Twitter’s API. This, unfortunately,
meant that out of the 3,000 tweets available in the
original Riloff dataset, only 710 were able to be
retrieved, as when a user deletes their account or a
specific tweet, it can no longer be retrieved.

3.4 Preprocessing

For the pre-processing of the chosen datasets, all
were first checked through to delete null values that
were in place of comments. This was followed
by all text being transformed to lowercase. Every
data entry was then checked for the presence of a
#sarcasm hashtag, which we would then remove.
Datasets such as the Ptacek and SAD datasets that
use self-annotation to find sarcastic tweets would
have this hashtag in every sarcastic entry. There-
fore, they needed to be removed to ensure none of
our models would make predictions based on the
presence of this hashtag alone. Every username
present in the Twitter datasets was replaced with
>@user’ to reduce unnecessary noise from a large
number of unique usernames. As a final measure,
all URLs and remaining punctuation were also re-
moved from each comment to reduce noise further.

3.5 Evaluation Metrics

The primary evaluation metric of the proposed ex-
periments is the Fl-score of the sarcastic. This
metric is necessary over binary accuracy due to
the typical imbalanced nature of sarcasm detection
datasets. Both the precision and recall scores of the
sarcastic class are also recorded within Section 6.

4 Methodology

For our machine learning experiments we use
DT (Laurent and Rivest, 1976) and LR (Cox,
1958) models. Our approaches to vectorising text
for feature extraction utilise Word2Vec (Mikolov
et al., 2013) and GloVe (Pennington et al., 2014).

Word2Vec is a model architecture for computing
vector representations of words from text, as is
GloVe, which has an additional focus on Latent
Semantic Analysis.

For our deep learning based experiments,
a total of five pre-trained language models
were used: BERT (Devlin et al., 2018a),
RoBERTa,5. & ROBERTa,,.4c (Liu et al., 2019),
Twitter-RoBERTa (Barbieri et al., 2020) and
BERTweet (Nguyen et al., 2020).

BERT was introduced as a state-of-the-art trans-
former that improved results on multiple bench-
marked NLP tasks. The language model was
demonstrated as being able to be fine-tuned to cre-
ate models for a wide range of tasks including
question inference and next sentence prediction.
RoBERTa was built on BERT through modify-
ing key hyper-parameters and removing the next-
sentence-prediction pre-training objective, on top
of training with much larger batches and learning
rates. The ROBERTa,,;.4. configuration follows the
same architecture but contains more hidden units
and twice the number of encoder layers. Twitter-
RoBERTa was introduced as RoB-RT by Barbieri
et al. (2020) and is a RoBERTa,s. model that was
trained on a total of 60M tweets, consisting of 584
million individual tokens. BERTweet has the same
architecture of BERT-base and is trained on an
80GB corpus of 850M English tweets.

Each of these models was fine-tuned for the pur-
pose of sarcasm detection. The fine-tuning process
comprises adding a dropout layer on top of the
pre-trained model, followed by a fully connected
layer which was then fed into a final layer using a
softmax activation function for classification.

5 Experiment Setup

As discussed in Section 4, the experiments have
been split into the two categories of machine
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Word2Vec+LR Word2Vec+DT GloVe+LR GloVe+DT
P R F1 P R F1 P R F1 P R F1

SARC 62.93 61.06 61.98 | 57.59 55.57 56.56 | 62.06 56.56 58.63 | 56.69 55.34 56.02
Ptacek 72.31 71.80 72.06 | 64.43 61.37 62.86 | 75.96 74.88 7541 | 66.58 6232 64.38
SemEval  63.57 59.79 61.62 | 53.71 53.14 5343 | 60.47 54.54 57.35|53.28 53.84 53.56
Riloff 100 03.57 06.89 | 17.39 14.28 15.68 | 85.71 21.42 3428 | 39.13 32.14 35.29
SAD 62.14 5556 58.67 | 63.38 58.58 60.89 | 60.87 56.57 58.64 | 65.48 55.56 60.11

Combined 62.15 55.56 58.67 | 56.96 55.05 56.56 | 61.69 60.25 60.96 | 56.33 55.25 55.78

Table 2: Results of Sarcasm Detection experiments with Machine Learning approaches, where P denotes Precision,
R denotes Recall and FI denotes the F1-score of the experiment. Underlined results denote the best F1-score for
each model. Results in bold denote the best F1-score for its own dataset

BERT BERTweet RoBERTa,,, .. Twitter-RoBERTa RoBERTa,,;¢c
P R F1 P R F1 P R F1 P R F1 P R F1

SARC 7391 7947 76.59 | 76.52 80.35 78.39 | 76.23 7835 77.30 | 74.89 80.52 77.61 | 77.65 71.57 77.61
Ptacek 84.46 75.83 79.99 | 88.86 85.07 86.92 | 88.41 88.63 88.52 | 91.46 86.26 88.78 | 91.50 89.33 90.41
SemEval  59.61 7483 6636 | 69.81 77.62 73.51 | 7842 90.21 83.90 | 78.37 87.41 82.64 | 81.11 87.06 83.98
Riloff 66.67 3571 46.51 | 85.71 42.86 57.14 | 58.33 50.00 53.85 | 5556 53.57 54.54|85.71 42.86 57.14
SAD 65.89 7121 6845|7736 62.12 6891 | 81.49 9343 87.06 | 82.19 90.90 86.33 | 86.84 83.33 85.05

Combined 7646 7536 7591 | 7599 80.72 7829 | 76.00 78.48 7722 76.68 77.72 77.19|76.15 79.95 78.01

Table 3: Results of Sarcasm Detection experiments with Deep Learning approaches, where P denotes Precision, R
denotes Recall and F/ denotes the F1-score of the experiment. Underlined results denote the best F1-score for each
model. Results in bold denote the best F1-score for its own dataset

learning-based and deep learning-based experi- through a Softmax activation function with 2 units
ments. The environment used to run the ma- to perform binary classification.

chine learning experiments was a Kaggle notebook,

whereas the deep learning experiments were run on 6 Results and Discussion

an i9 machine with 2 NVIDIA RTX A5000 GPUs. Table 2 and 3 show the results of the machine learn-

ing and deep learning-based experiments, respec-
tively. According to Table 2, it is clear that the suc-
cess of each respective machine learning approach
is highly dependent upon the particular dataset on
which it is being trained. The Ptacek dataset has the
highest F1-scores for sarcasm detection for each
machine learning approach, as can be seen by the

5.1 Hyper-parameter Setting

For the machine learning experiments, both the DT
and LR models were trained with the default hy-
perparameters as set in the scikit-learn® (Pedregosa
et al., 2011) library. For the deep learning exper-
iments, every configuration had the same set of

hyper-parameters apart from one exception in the underlined results, and also achieves the highest

batch size. The batch size was set to 32 for all F1-score in the entire set of experiments (75.41)
of the language models except for ROBERTa;4;¢¢, when used with the GloVE+LR model.
where the batch size was set to 4. This was due Table 4 demonstrates that for the Word2Vec+DT

to the computatloyal llmltatlons that arose‘due to (worst) and GloVe-+LR (best) models, there is no
RoBERTa,.¢. being trained on the exceptionally it inh tive ph h as “didn’t
| SARC and ‘Combined’ datasets with a batch CONSISIENCY I TOW NEGALIVE pryases suchas i

arge think”, “didn’t realise” are labelled compared to

size of 32. Every configuration had a learning rate the actual label used within the dataset. The last ex-

of 3e—f6, w;ltl11 an Adam ac(;n;atlon ff:u(;l(?thn. '(l;he Out- ract was labelled incorrectly by both models, with
put of each fanguage model was ted into a dropout iy understanding that the word “love” was be-

layer of 0.3, and followed by a hidden layer witha . . . .
O . . . ing used in a sarcastic context, which could be seen
ReLU activation function and 256 hidden units. C . .
as a limitation of the machine learning approaches.

Finally, the output of the hidden layer was fed Although, without context, it is fair to assume that
3https://scikit-learn.org the user could have been non-sarcastic in this tweet.
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Word2Vec+
DT Label

GloVe+ Ground

Comment LR Label Truth

’didnt realize @user referees were so
fluent in russian’
"well hello depression nice to see ya

1 1 1

again didnt think youd stay away’ 0 1 1
much longer

’dont you just love the hip hop music

and club music they played in the 0 0 1

background of the @user movie i do’

Table 4: Entries from the Ptacek dataset labelled by the
highest and lowest scoring ML experiments and their
ground truth labels. 1 represents a sarcastic label and 0
represents a non-sarcastic label.

The SemEval dataset achieves its highest F1-
score of 61.62 using the Word2Vec+LR model.
The Riloff dataset has the weakest set of F1-scores
across each approach, with it is best Fl-score
(35.29) still being lower than any Fl-score for
any other dataset. Interestingly, the Word2Vec+LR
model achieves a perfect precision score, whereas
the associated scores for this model are the lowest
for all experiments.

From Table 2, it is seen that our SAD dataset
achieves similar F1-scores across each model, with
a variance of 2.25 between the highest and lowest
scores. The SAD dataset and the Riloff dataset are
the only two out of the six to achieve their best
scores from a decision tree classifier as opposed to
a logistic regression classifier.

From Table 3, we observe the best F1-score for
the task of sarcasm detection using deep learning
methods is 90.41 on the Ptacek dataset with the
use of the ROBERTa;;4. language model. As is
seen with our machine learning approaches, Ptacek
again is the dataset for which all of our mod-
els achieve the highest Fl-scores. The Ptacek
dataset has only 736 test set instances and may
not have particularly challenging sarcasm exam-
ples. We make this assumption based on the per-
formance of the same pre-trained language models
on much larger datasets, viz., SARC (78.39) and
Combined (78.29). The RoBERTa,,.4. language
model achieves the highest F1-score of 83.98 on
the SemEval dataset.

There is more success with the unbalanced Riloff
dataset within the deep learning experiments as op-
posed to the machine learning experiments. The
lowest F1-score using the Riloff dataset in Table 3
(46.51) achieved by our BERT model is still higher
than the highest F1-score in Table 2 (35.29) from
the GloVe+DT model. The results achieved are

again lower than the results obtained from the
rest of our chosen datasets. Both the BERTweet
and RoBERTa;;.4. language models incidentally
achieve the exact same precision, recall and F1-
scores (57.14) on this dataset.

Our SAD dataset has high F1-scores across each
model, 87.06 being the highest achieved by the
RoBERTa;,s language model. The BERT lan-
guage model achieves the weakest F1-score on the
dataset (68.45), followed closely by the BERTweet
model (68.91). This was unexpected as the
BERTweet language model was pre-trained only
on tweets. Further unexpectedly, the ROBERTay ¢
model actually achieves the best overall F1-score
on the SAD dataset, despite the model not being
pre-trained on any tweets at all. This performance
may be attributed to the significantly larger dataset
used for training the ROBERTa model.

Ironically, despite being pre-trained solely on
850M tweets, the BERTweet model achieves the
highest F1-score of 78.39 on the SARC dataset, the
only dataset that does not include any tweets.

From Table 3, we also observe that the
BERTweet and RoBERTa,,,4. language models
outperform every other approach. They achieve
the highest F1-score on three datasets, respectively.
For the SARC and the ‘Combined’ dataset, the
BERTweet analysis provides the best Fl-scores,
and these datasets are, in fact, the largest datasets.
Furthermore, the BERTweet language model has
the advantage of being pre-trained specifically
on data consisting of tweets, as opposed to the
less focused domain data that was used to train
RoBERTa4,4c. We hypothesise that the fine-
tuned sarcasm detection models trained over large
datasets would be able to generalise better as the
training sets would also be large.

Comment BERTweet Ground
Label Truth

’more fragmentation is exactly what we | 1
need in mobile payments’
"hockey wouldnt work in quebec city’ 1 1
*this is new and interesting’ 1 1
’i call them suckers’ 1 0
’by doing the same thing i do every night

. 0 1
and day nothing’
’huge moves were making gonna take 0 1

this league by storm’

Table 5: Entries from the ‘Combined’ dataset with their
predicted labels by our pre-trained BERTweet model
and their ground truth labels. 1 represents a sarcastic
label, and O represents a non-sarcastic label.

Table 5 shows the labels predicted by the model
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trained using the BERTweet model on the ‘Com-
bined’ dataset. The first three entries show ex-
amples of correctly identified sarcasm. If taken
literally, the third entry could be considered as a
genuine statement, but the model determines this
to be sarcastic, and in fact, it is labelled as such
within the dataset.

There are entries where the model incorrectly
labels sarcastic text extracts. In the fourth row, an
instance of a false positive can be seen, where our
pre-trained model incorrectly determines a tweet
is sarcastic when it was not labelled as such. The
word “suckers” might indicate some humorous in-
tent to the text, implying sarcasm may be used in
the comment.

The last two entries in Table 5 are examples of
labelled sarcasm that our model did not determine
to be sarcastic. The fifth entry puts forward an
unlikely proposition similar to the first two entries
in that it is probably untrue that the user spends all
night and day doing nothing.

Although the model made the correct predic-
tion in the rather specific domain of “quebec” and
“hockey”, it makes an incorrect prediction in this
broader context. This is demonstrable of how fig-
urative language and the understanding of such
truly rely on contextual differences. These contex-
tual differences impact human, and, particularly,
machine understanding of sarcasm. Again, this
struggle of the models’ prediction capabilities in
a broader context is seen in the final entry, where
the user has intended the text to be sarcastic, but
it has not been labelled by our BERTweet model
as such. Even with this small scope of examples
where our model has made incorrect predictions,
our fine-tuned BERTweet model is still our highest-
scoring language model on our largest datasets,
and thus we will use fine-tuned BERTweet models
for the purpose of labelling a weakly supervised
dataset.

6.1 S3D Dataset: Using Weak Supervision

The results for the analysis of the fine-tuned
BERTweet model for both the SARC and ‘Com-
bined’ datasets are very similar, but we note that
the ‘Combined’ dataset contains both Tweets and
Reddit comments. Similarly, ROBERTa; ;.4 model
performs well on the Combined dataset (78.01).
We create an Ensemble model using the majority
voting technique and utilise these three variants - a
BERTweet model trained on SARC and Combined

datasets, and a RoOBERTa,,;.4. model trained on the
combined dataset. We further use this Ensemble
model to label our new dataset, the curation for
which is described below.

We used the TWINT package to scrape a total
of 100, 000 tweets* to be labelled by our chosen
model. We call this a silver-standard sarcasm anno-
tated dataset ‘S3D’. Every tweet was pre-processed
as described in section 3.4, then encoded using the
BERTweet model. Our Ensemble model was then
used to generate predictions on the pre-processed
100, 000 tweets. The results of this labelling pro-
cess are shown in Table 6.

Total
100000

Non-Sarcastic

61121

Sarcastic

38879

Table 6: Number of sarcastic and non-sarcastic labels
generated by our pre-trained BERTweet model

Out of 100, 000 tweets chosen at random, nearly
40% were considered by our model to contain sar-
casm. We show excerpts from this dataset in Ta-
ble 7.

Comment Label
> @user you look soo freaking good in the 1
poster man’

’tweet of the year @user you make sense’ 1

’i bet theres no dry eyes leaving the concert’ 1
tonight

’the best joke yet’ 1
>wow the war just ended i didnt know that’ 1
’truly changed the trajectory of my life’ 1

’yes a lot of great things will happen in the
next 3 months’

Table 7: Entries from the S3D dataset, each labelled as
sarcastic by our fine-tuned BERTweet language model.
1 represents a sarcastic label and O represents a non-
sarcastic label.

Several entries seen in Table 7 could equally be
seen as extracts with genuine sentiment as much
as they could be sarcastic. The first entry is an
example of this as if taking the tweet at its face
value without context, it is very possible the user
is being honest and complementing another user
on the platform. Take the sixth entry, which could
again be just as authentic as it could be sarcastic.
To decide for ourselves, we would need to view
some context as to what the event is that the user

“This set of collected tweets were posted between 7
September 2022 and 9 September 2022
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is referring to. If the subject matter was serious,
it is fair to assume the user is not being sarcastic.
Some excerpts such as the second entry are perhaps
more obviously sarcastic, as reminding someone
they make sense while also awarding them “tweet
of the year” carries a more disingenuous sentiment.
The same could be said for the fifth entry, where
it is very unlikely the user is being genuine about
being unaware of the topic mentioned in tweet.

We also performed a simple exploratory exper-
iment where we concatenate S3D with the ‘Com-
bined’ dataset and perform fine-tuning with the
help of the BERTweet model. A simple fine-
tuning experiment with the same hyperparameters
achieves the best Fl-score of 78.87, which is an
improvement on the scores reported earlier on both
SARC and ‘Combined’ datasets. The reported pre-
cision and recall scores were 78.84 and 78.89 re-
spectively. This shows the efficacy of our weakly
supervised S3D dataset.

7 Conclusion and Future Work

In this paper, we utilise several existing machine-
and deep learning-based approaches to perform
the task of sarcasm detection over various datasets.
From a social media platform, we curate and manu-
ally label a sarcasm dataset and benchmark its effi-
cacy with these approaches. We also perform an ex-
haustive evaluation with the help of pre-trained lan-
guage models, including some models specifically
trained using social media data. Using an Ensem-
ble model based on multiple fine-tuned BERTweet
models, we labelled an additional 100, 000 tweets
and release this silver-standard sarcasm annotated
corpus, called S3D. We also perform a fine-tuning
experiment after concatenating S3D with the ‘Com-
bined’ dataset and achieve the best Fl-score of
78.87 over the large datasets discussed in this pa-
per. By contributing a weak supervision-based ap-
proach, we facilitate the automatic production of
labelled data that can be used to augment existing
datasets or create new silver standard datasets. We
also release the code, the manually labelled dataset,
and models created with our experiments publicly
for further research.

In future, we would like to perform a more fine-
grained annotation for sarcasm with sub-categories
as defined in existing linguistic literature. We also
aim to perform similar experiments for multimodal
sarcasm detection in order to contribute further
resources to the community.

Limitations and Biases

Our work releases two datasets for modelling sar-
casm from social media posts but they may contain
biases as present in any raw social media dataset.

Ethics Statement

We ensured that while curating our SAD and S3D
datasets, information relating to the originator of
the tweet was removed, and all user-specific in-
formation contained within a tweet, for example,
usernames and user IDs, was removed during pre-
processing to preserve anonymity. Similarly, infor-
mation regarding the time of posting and location
was removed during curation. The released datasets
only contain tweet IDs along with their respective
sarcasm labels, again to ensure the anonymity of
our datasets.
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