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ABSTRACT Article information:
Multi-Task learning (MTL), which emerged as a powerful concept in the
era of machine learning
deep learning, employs a shared model trained to handle multiple tasks
at simultaneously. Numerous advantages of this novel approach inspire
us to instigate the insights of various tasks with similar (Identi�cation
of Sentiment, Sarcasm, Hate speech, O�ensive language, etc.) and dis-
similar (Identi�cation of Sentiment, Claim, Language) genres. This pa-
per proposes two Multi-Task Learning (MTL) framework schemes based
on Bidirectional LSTM (BiLSTM) to handle both similar and dissimilar
tasks. The performance of these frameworks is evaluated and compared
against standalone classi�ers, demonstrating their e�ectiveness in improv-
ing classi�cation accuracy. In order to train our proposed MTL frame-
works, di�erent task-related publicly available datasets were collected, and
each sentence was annotated with all task labels with the help of publicly
available pre-trained models. Along with a simple MTL framework, this
paper presents an MTL framework with a fusion technique (MTLfusion)
that combines learning from task-speci�c layers to make predictions. Our
proposed MTLfusion framework provides an F1 score of 0.76, 0.92, 0.809,
0.798, and 0.89 for sentiment, sarcasm, irony, hate speech, and o�ensive
language classi�cation tasks, respectively (similar tasks). It also provides
an F1 score of 0.59, 0.586, and 0.707 for claim, sentiment, and language
identi�cation tasks, respectively. Our research also shows that MTL frame-
works perform better than their corresponding standalone classi�ers for
similar tasks. On the other hand, for dissimilar tasks, the standalone clas-
si�ers perform better than MTL frameworks.
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1. INTRODUCTION

The popularity of the internet and social media
platforms such as Facebook and Twitter allow people
to express their feelings and opinions on various top-
ics. Sometimes, these social media posts may contain
negative or positive sentiments; they may be sarcastic
or ironic. At the same time, they may contain some
hateful speeches and o�ensive language.

The increasing advancement of Arti�cial Intelli-
gence (AI) and Natural Language Processing (NLP)
helps researchers to achieve state-of-the-art perfor-
mance in di�erent NLP tasks such as sentiment anal-
ysis, sarcasm detection, claim identi�cation, detec-

tion of hate speech o�ensive languages in social me-
dia, etc. However, the majority of tasks focused on
a single task i.e., either sentiment analysis or sar-
casm detection. Furthermore, detecting both senti-
ment and sarcasm in the same text requires running
two separate models, which may increase computa-
tional overhead. Although in the last couple of years,
some researchers focused on combining two or three
tasks, such as sentiment and sarcasm classi�cation [1]
[2], or hate-speech and o�ensive-language analysis [3]
etc.

In this present article, two schemes of Multi-Task
learning (MTL) frameworks are proposed: First, an
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2,3The authors are with the Jadavpur University, Kolkata, India, Email: shankhasdas07@gmail.com and di-
pankar.dipnil2005@gmail.com



208 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.19, NO.2 April 2025

MTL framework that classifies five similar tasks of
similar genre: sentiment, sarcasm, irony, hate speech,
and offensive language, and second, an MTL frame-
work working on relatively dissimilar tasks: claim de-
tection, language identification, and sentiment anal-
ysis.

Multi-Task learning (MTL) as the name suggests,
refers to a single shared machine-learning framework
capable of learning and handling multiple different
tasks simultaneously [4]. MTL provides several ad-
vantages over single-task learning: (1) it helps in
achieving generalization for multiple tasks; (2) each
task improves its performance in association with the
other participating tasks; and (3) it offers reduced
complexity because a single system can handle mul-
tiple tasks at the same time [5]. Additionally, in
the context of sustainability issues, MTL frameworks
are more sustainable than the standalone classifier or
single-task learning (STL) frameworks.

The main objectives of this work are: (1) analyze
whether adding different classification tasks (simi-
lar or dissimilar) into an MTL model can improve
the overall performance of each classification over a
single-task classifier or not; (2) identify how a task
can gain knowledge in MTL environment with respect
to the tasks of similar and dissimilar genres. More-
over, we explored various task combinations in MTL,
such as sarcasm and hate speech classification, as well
as claim and sentiment classification, to analyze per-
formance in different MTL scenarios.

The contribution of this paper can be summarized
as follows:

• We prepared a dataset of around 2K samples
for similar tasks annotated with five labels in
each sentence and 4K samples for dissimilar
tasks to train the proposed MTL models.

• We proposed two schemes of MTL framework
for both similar and dissimilar tasks: one is
a simple MTL framework and another is a
fusion-based MTL framework, and observed
that the fusion-based MTL performs better
than the simple MTL framework.

In Section 2, some previous NLP-related MTL works
are discussed briefly. Section 3 is the data prepara-
tion section, where the data collection from different
sources and preparation of the final dataset for MTL
are discussed. In Section 4, the methodologies and
MTL frameworks for similar and dissimilar tasks are
proposed. Section 5 is the experiment and result sec-
tion, where the results and performances in different
MTL frameworks are discussed. In Section 6, a few
error cases produced by our proposed frameworks are
presented and analyzed. In Section 7, we discuss some
insightful observations from our experiment. Section
8 concludes the paper and Section 9 discusses the lim-
itations and future directions of this work.

2. RELATED WORK

In 1997, Caruana [6] proposed the concept of MTL
which is a method of inductive transfer technique
whose primary goal is to enhance the generalization
performance by using domain knowledge from the
training data of related tasks as an inductive bias
[6]. Since then, MTL approaches have been exten-
sively used across various fields of computer science
and NLP to address complex problems. Furthermore,
in 2017, Ruder [7] proposed two different schemes of
MTL in their paper: the hard parameter-sharing ap-
proach and the soft parameter-sharing approach. In
the hard parameter sharing approach, all tasks share
the same hidden layers except the final output layers,
and in the soft parameter sharing approach, each task
has its own layers and parameters [7].

Liu et al. [8] proposed an LSTM-based MTL
framework for text classification. The authors devel-
oped three MTL frameworks where two models were
developed using unidirectional LSTM and the third
model was developed using bidirectional LSTM (BiL-
STM) with two classification heads in each model.
The authors evaluated their proposed MTL models
for some popular NLP benchmark datasets such as
‘SST-1’, ‘SST-2’, ‘SUBJ’ and ‘IMBD’, and their pro-
posed MTL models perform better than the single-
task learning models for those datasets.

Liu et al. [9] developed an adversarial MTL frame-
work, introducing three MTL schemes primarily uti-
lizing LSTMs. The authors evaluated their pro-
posed models across 16 datasets related to Ama-
zon and movie reviews. Among these, the adversar-
ial network-based architecture demonstrated superior
performance compared to all other proposed models.

Majumdar et al. [2], Tan et al. [1], and Savini
et al. [10] proposed MTL models for sentiment and
sarcasm analysis. The authors in [2] used a GRU-
based architecture and attention mechanism to clas-
sify sentiment and sarcasm, whereas the authors in
[1] and [10] used BiLSTM architecture in their study.
In addition, [10] used a non-contextual pre-trained
FastText [11] embedding, whereas [2] and [1] used
pre-trained GloVe [12] and Word2Vec embeddings,
respectively. Another sentiment and sarcasm anal-
ysis MTL framework was proposed by Mahdaouy et
al. [13] for the Arabic language using the transformer-
based pre-trained BERT [14] model.

Singh et al. [15] proposed an MTL architecture for
sentiment, emotion and emoji analysis by using the
pre-trained transformer-based model ‘xlm-RoBERTa-
base’ [16]. In this study, the authors also showed that
their MTL classifiers provide better performances
with respect to standalone classifiers. Along with
the classification tasks, the authors also analyze sen-
timent and emotion intensities in their study.

An MTL model was developed by Plaza-del-Arco
et al. [3] for analysing sentiment, emotion, target (fo-
cusing on a particular community such as black peo-
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ple, women, LGBT etc.), hate speech and offensive
language utilizing the BERT [14] model.

A transformer-based MTL model for the classifica-
tion of text was developed by Huang et al. [17], and
their suggested architecture produced a state-of-the-
art model for the ‘GLUE’ dataset.

In our present work, we focused on developing an
MTL framework for five similar types of classifica-
tion tasks and three comparatively dissimilar types of
classification tasks utilizing BiLSTM and pre-trained
GloVe embedding.

3. DATASET PREPARATION

3.1 Similar Task

To the best of our knowledge, no public datasets
are available on the internet that are annotated with
all the sentiment, sarcasm, irony, hate, and offen-
sive labels. Therefore, different task-related publicly
available datasets were collected from popular web-
sites such as Kaggle1 and HuggingFace2 with at least
one class label of sentiment, sarcasm, irony, hate-
speech, or offensive language to prepare a dataset for
learning five similar tasks. The majority of data were
extracted from the ‘TweetEval’ [18] dataset for the
sentiment, irony, hate speech, and offensive language
task. Another sentiment dataset named ‘Twitter US
Airline Sentiment’3 was also considered that contains
the positive, negative and neutral tweets related to
US airlines.

For sarcasm, the ‘News Headlines Dataset For
Sarcasm Detection’ [19] [20], ‘Multimodal Sarcasm
Detection Dataset (MUStARD)’ [21] and the ‘Eye-
tracking and Sentiment Analysis II’ [22] datasets were
collected. Although the ‘Eye-tracking and Sentiment
Analysis II’ dataset was annotated with sentiment
and sarcasm class labels, only the sarcasm class labels
were considered as the sentiment class was annotated
with two labels (positive and negative), and in our
work, three sentiment class labels (positive, negative
and neutral) were taken into account.

Besides that, some other datasets were collected
from Kaggle, such as the ‘Hate Speech and Offensive
Language Dataset’4 for hate speech and offensive lan-
guage, and ‘Tweets with Sarcasm and Irony’ [23] for
sarcasm and irony data. In the ‘Hate Speech and Of-
fensive Language Dataset’ there were three classes:
hate speech, offensive language and neither (no hate
or offensive language). In our work, only the sen-
tences with hate speech and offensive language class
labels were considered, as those data were relevant to
preparing the dataset. Similarly, in the “Tweets with
Sarcasm and Irony” dataset, only the sarcasm, irony,
and figurative (both irony and sarcasm) class labels

1https://www.kaggle.com/
2https://huggingface.co/
3https://bit.ly/twitter-airline-sentiment

were considered.

3.2 Dissimilar Task

The datasets used by the authors of [24] in their
paper were considered for the dissimilar tasks. These
datasets contain sentences from LiveJournal weblogs
and Wikipedia talk pages annotated for opinionated
claims. In these datasets, there were 2190 instances,
from LiveJournal and 2197 from Wikipedia. It con-
tains the labels for claim detection (Yes or No) and
sentiment annotation for all the texts.

Another dataset was collected for the dissimilar
tasks, which was a pre-processed version of WiLI-
20185, the Wikipedia language identification bench-
mark dataset. It contains 22 selective languages (En-
glish, Arabic, French, Hindi, Urdu, Portuguese, Per-
sian, Pushto, Spanish, Korean, Tamil, Turkish, Es-
tonian, Russian, Romanian, Chinese, Swedish, Latin,
Indonesian, Dutch, Japanese, Thai) from the original
dataset.

Upon collecting all these datasets, the following
steps were performed: 1) Removal of duplicate and
null entries., 2) Calculate other labels for each dataset
using some publicly available pre-trained models6,7,8.
For example, for sentiment datasets, sarcasm, irony,
hate, and offensive labels were calculated. Similarly,
for sarcasm datasets, sentiment, irony, hate, and of-
fensive labels were calculated, and so on. 3) Along
with labels, the confidence score for each determined
label was calculated and stored. 4) Since no deep
learning models are 100% accurate, there must be a
high chance of false labeling while assigning labels to
a dataset using pre-trained models. Therefore, after
calculating the labels, each sentence is accepted for
the final dataset along with its labels if the calcu-
lated label has a confidence score of ≥ 0.9; otherwise,
the sentence is rejected.

A flow diagram for the dataset preparation strat-
egy is provided in Figure 1.

After performing the above steps, 2109 and 4387
samples were included in the final dataset for simi-
lar and dissimilar tasks, respectively. Next, 10% of
the data (212 samples for similar tasks, and 402 sam-
ples for dissimilar tasks) were split out and preserved
for testing purposes and the remaining 90% of data
(1897 samples for similar tasks and 3985 samples for
dissimilar tasks) were used for training and develop-
ment purposes respectively9. The distribution of la-
bels for different tasks in our final datasets is provided
in Figure 2 and Figure 3, respectively.

4https://bit.ly/hate-speech-offensive
5https://bit.ly/language-identification-datasst
6https://bit.ly/distilbert-multi-sentiment
7https://bit.ly/english-sarcasm-detector
8https://huggingface.co/cardiffnlp
9The full dataset is publicly available at: https://bit.ly/mtl-
dataset



210 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.19, NO.2 April 2025

Fig.1: Flow diagram of dataset preparation.

Fig.2: Distribution of data for similar tasks.

Fig.3: Distribution of data for dissimilar tasks.

4. METHODOLOGY

This section discusses the proposed methodologies
for developing the MTL framework. Our main aim
was to develop one neural network to classify five
similar types of tasks and another to classify three
dissimilar types of tasks (claim, language, and sen-
timent) and analyze their performance. The overall
model frameworks for similar and dissimilar tasks are
provided in Figure 4 and Figure 5, respectively.

Before diving into model training and evaluation,
some basic pre-processing steps were performed in
each sentence (S) in our final datasets, such as (1) Re-
moval of HTML tags, (2) Convert S into a lowercase
sentence, (3) Removal of punctuations and multiple
spaces from S, (4) If S contains any username that
starts with the character “@” then convert that into
“@user,” (5) Convert all URL links to ‘HTTP’ in S,
and (6) Convert any emoji in S to its corresponding
text using the ‘emoji’ package10 of Python.

After performing all the pre-processing steps
in S, tokenize S into a sequence of tokens
[k1, k2, k3, . . . , kn]. Since every sentence generates a

10https://pypi.org/project/emoji/

variable length of tokens, we converted every sentence
to a fixed-sized sequence of tokens by padding zero
at the end. Therefore, after padding zero, S becomes
[k1, k2, k3, . . . , kL] where L = 200.

Task Definition: Given a tokenized sentence
X = [k1, k2, k3, . . . , kL] where ki’s are words (tokens)
and L = 200. For similar-task MTL framework de-
velopment, each tokenized sentence was annotated
with five labels - sentiment (negative/ neutral/ pos-
itive), sarcasm (non-sarcastic/ sarcastic), irony (no-
irony/ irony), hate (no-hate/ hate), and offensive (no-
offensive/ offensive). For the dissimilar-task MTL
framework development, each sentence was annotated
with three labels - claim (Yes/ No), language (1 out
of 22 different languages), and sentiment (positive/
negative/ neutral). Our main aim was to predict ap-
propriate labels using a single neural network.

Word embedding: The pre-trained “GloVe” [12]
word embedding with dimension D = 200 was uti-
lized to convert each token ki of sentence X into
a sequence of vector xi of length D. Thus, from a
tokenized sentence X = [k1, k2, k3, . . . , kL] we get
XL×D = [x1, x2, x3, . . . , xL]. Then, X was fed into
a BiLSTM layer as depicted in Figure 4 and 5.

Model Selection: To develop the MTL frame-
work, the Bidirectional LSTM (BiLSTM) model was
chosen. In traditional neural networks, there are
short-term memory problems. Also, the vanishing
gradient problem is one of the major drawbacks of
those models. The LSTMs effectively enhance per-
formance by identifying patterns, retaining important
information, and eliminating the vanishing gradient
problem. The BiLSTMs are more powerful than nor-
mal unidirectional LSTMs by the capable of analysing
the inputs from the beginning as well as from the end.
Since it analyses inputs from both ends so, it has the
capability of utilizing features from the past as well as
from the future. This provides a better understand-
ing of language compared to unidirectional LSTMs.

GlobalMaxPooling: After the BiLSTM layer,
followed by a dropout layer, the output of the dropout
layer was passed into a ‘GlobalMaxPooling’ layer.
The ‘GlobalMaxPooling’ fetches the maximum value
from the hidden output vectors. Therefore, if the
output of the dropout layer is [ŷ1, ŷ2, ŷ3, . . . , ŷn]L×M

where ŷi’s are vectors of length L and M is the num-
ber of hidden units of a BiLSTM layer, then

ZGlobalMaxPooling1D

= [Max(ŷ1),Max(ŷ2),Max(ŷ3), . . . ,Max(ŷn)][1×M ]

MTL with shared dense layer: Figure 4(a) rep-
resents the flow diagram of the MTL with a shared
dense layer, where the output of the ‘GlobalMaxPool-
ing’ Layer was passed as an input to a dense layer of
300 neurons.
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Fig.4: Proposed Model framework for Similar Tasks: (a) MTL with a shared dense layer, (b) MTL with
task-specific dense layer and fusion.

Fig.5: Proposed Model framework for Dissimilar Tasks: (a) MTL with shared backbone and long task-specific
heads, (b) MTL with shared backbone, long task-specific head, and fusion.
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Dshared = ReLU(ZGlobalMaxPooling1D)

MTL with long task-specific heads: Figure
5(a) provides the flow diagram of the MTL with long
task-specific heads or layers, where the output of the
‘GlobalMaxPooling’ Layer was passed into individual
dense layers corresponding to each task.

Dtsp = Dropout (ReLU (ZGlobalMaxPooling1D))

Where Dtsp represents the output of each task-
specific dense layer with dropout in the dissimilar
task.

MTLfusion: Figure 4(b) and Figure 5(b) provides
the framework representation of the MTL with fusion
technique; where instead of using a single dense layer
of 300 neurons (in similar task framework), separate
dense layers of 300 neurons were used for each task
to perform the task-specific learning.

D∗ = ReLU (ZGlobalMaxPooling1D)

where D∗ represents task-specific dense layer out-
puts for each task (Dse, Dsa, Dir, Dht, Dof )11 for sim-
ilar tasks and (Dclaim, Dsen, Dlang)12 for dissimilar
tasks.

Now, for similar tasks, the task-specific learnings
were concatenated or fused and then fed into another
dense layer of 100 neurons as follows:

Merge1 = Dse ⊗Dsa

Dense1 = ReLU(Merge1)

and,

Merge2 = Dse ⊗Dsa ⊗Dir ⊗Dht ⊗Dof

Dense2 = ReLU(Merge2)

Where ⊗ represents the concatenation of the outputs
of the dense layers.

On the other hand, for the dissimilar tasks, the
outputs of the task-specific dense layers were passed
to dropout layers, and then the outputs from the pre-
vious layers were concatenated and fed into the final
task-specific dense layers as follows:

Classification: Separate dense layers for each
task were used to classify the outputs. For MTL with
a shared dense layer, Dshared was passed as an input
to each of the five dense layers. All these five dense
layers used SoftMax as their activation function.

11‘se’, ‘sa’, ‘ir’, ‘ht’, ‘of’ are the abbreviations of
sentiment, sarcasm, irony, hate and offensive, respectively.
12 ‘claim’, ‘sen’, ‘lang’ are the abbreviations of claim, senti-
ment and language, respectively.

For MTL with long task-specific heads, the out-
puts of the individual dropout layers were fed into
task-specific dense layers, which use SoftMax as their
activation function.

P∗ = softmax(D∗)

Ŷ∗ = argmaxj(P∗)

Where P∗ represents the probability value of each
class of each classification task, Ŷ∗ represents the pre-
dicted class value and, j represents the number of
classes in the classification task.

For MTL with task-specific dense layers and fusion
(MTLfusion), in case of similar tasks, the output of
Dense1 was fed as an input to the sentiment and
sarcasm classification layer, and the output of Dense2
was fed as an input to each irony, hate, and offensive
classification task layers.

Pse, Psa = softmax(Dense1)

Pir, Pht, Pof = softmax(Dense2)

and,

Ŷ∗ = argmaxj(P∗)

Where Pse, Psa, Pir, Pht, Pof represents the proba-
bility value of each class of each in the senti-
ment, sarcasm, irony, hate, and offensive classifica-
tion tasks respectively. Ŷ∗ represents the predicted
class value for each classification task and Psimilar ∈
{Pse, Psa, Pir, Pht, Pof}.

In case of dissimilar tasks, the output of
Dropoutclaim was passed as an input to the claim
detection layer, fed the output of Dense1 as an input
to the sentiment classification layer, fed the output
of Dense2 as an input to language identification task
layer.

Pclaim = sigmoid(Dropoutclaim)

Psen = softmax(Dense1)

Plang = softmax(Dense2)

and,

Ŷclaim =

{
0, if Pclaim ≤ 0.5
1, otherwise

Ŷsen = argmaxj(Psen)

Ŷlang = argmaxj(Plang)

Where Pclaim, Psen, and Plang represents the prob-
ability value of each class of claim, sentiment,
and language classification tasks respectively and
Ŷclaim, Ŷsen, Ŷlang represents the predicted class value
for claim, sentiment and language classification tasks
respectively.
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4.1 Training

To train our proposed frameworks, the final
dataset was split out in an 80-20 ratio, where 80%
of the data was used to train the model (train split)
and 20% of the data was used as a development set
for fine-tuning the models.

For the Multi-Task loss function, the SparseCate-
goricalCrossEntropy and BinaryCrossEntropy (only
for claim classification) loss functions were used
and monitored loss for the development split of the
dataset.

Ltotal =

K∑
i=1

Li

Where Li is the loss for different tasks and K is the
number of tasks in the MTL framework.

To accomplish the training process, the Adam op-
timizer [25] was used with a learning rate of 0.0005.
The initial number of epochs was chosen to be 25 to
train the proposed frameworks, however, we used the
‘EarlyStopping’ method provided by TensorFlow’s
‘Keras’ module to prevent overfitting during the
training process and the batch size was chosen as 8
and 64 for similar and dissimilar tasks respectively.
The learning curves for MTL in similar and dissimi-
lar task frameworks are provided in Figure 6.

Fig.6: Learning curve for MTL for similar and dis-
similar tasks.

5. EXPERIMENT AND RESULT

5.1 Experimental Setup

All the experiments were performed using the
modules from ‘TensorFlow’ and ‘Keras’ and the
source code was executed in the Google Collabora-
tory environment with NVIDIA Tesla T4 GPU. For
evaluation, the Precision, Recall and macro F1 scores
were calculated for the test split of our final dataset.

Precision =
True Positive

True Postitive+False Positive

Recall =
True Positive

True Postitive+False Negative

Recall =
2× Precision× Recall

Precision+Recall

Fig.7: Diagrammatic representation of single task
learning (STL) framework with one classification
head. Here, we showed two STL model examples: (a)
Sentiment classification, (b) Claim Classification.

Table 1: Performance comparison of 1-TL vs 5-TL
vs 5-TLfusion for similar tasks.

Task Precision Recall F1-
score

1-TL Sentiment 0.736 0.721 0.719
Sarcasm 0.896 0.912 0.904
Irony 0.811 0.811 0.81
Hate 0.794 0.712 0.744
Offensive 0.927 0.899 0.912

5-TL Sentiment 0.75 0.74 0.739
Sarcasm 0.896 0.912 0.904
Irony 0.852 0.848 0.848
Hate 0.8 0.759 0.778
Offensive 0.904 0.878 0.89

5-TLfusion Sentiment 0.764 0.768 0.76
Sarcasm 0.911 0.929 0.92
Irony 0.82 0.81 0.809
Hate 0.813 0.784 0.798
Offensive 0.904 0.878 0.89
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Table 2: Performances of all combinations of MTLs for similar tasks.

At an experimental level, we experimented with
both BiGRU (Bidirectional Gated Recurrent Unit)
and BiLSTM for similar tasks. However, the BiLSTM
provides a better result than BiGRU, therefore we
selected the BiLSTM for developing STL and all MTL
frameworks. We have added the result for BiGRU in
Table 2.

5.2 Result

The proposed MTL frameworks were evaluated for
all possible combinations of tasks starting from 1-TL
or standalone classifier or STL, which are nothing but
the same framework as described in Figure 4(a) and
Figure 5(a) with one classification head only (a dia-
grammatic representation of STL framework for sen-
timent classification and claim classification are pro-
vided in Figure 7), 2-TL (all possible combinations
of two tasks) to the highest possible combination of
MTL (5-TL for similar task and 3-TL for dissimilar
tasks).

5.2.1 Similar Task Performance

The performance results for similar tasks are pro-
vided in Tables 1 and 2. In Table 1, we compared
the performances between STL (1-TL), MTL (5-TL)
and MTL with fusion (5-TLfusion) and in Table 2,
we present the results for all comparisons of MTLs in
similar tasks.

Sentiment classification: For sentiment classi-
fication, it can be seen that the 5-TLfusion model
outperforms 1-TL, 5-TL, and other combinations of
MTL (Table 2). Moreover, the 5-TLfusion gives a
performance improvement by 5.39% over the senti-
ment classification STL framework (1-TL).

Sarcasm classification: Like sentiment classifi-
cation, the sarcasm classification task also provides
the best performance in the 5-TLfusion model. Also,
the sarcasm classification performance for 5-TLfusion

provides a performance improvement (F1-score) by
1.74% for both 1-TL and 5-TL.

Irony classification: Among the 1-TL, 5-TL and
5-TLfusion, the simple 5-TL framework provides the
best performance for the irony classification tasks
with precision, recall, and f1-score of 0.852, 0.848 and
0.848 respectively. However, for all other task combi-
nations perspectives, the performance is slightly bet-
ter in sentiment + irony + offensive combination of
MTL with precision, recall, and F1-Score of 0.861,
0.858, and 0.858 respectively.

Hate speech classification: For the hate speech
classification, it can be seen from Table 2 that the
best precision score of 0.847 is achieved by sarcasm +
irony + hate + offensive combination, the best recall
of 0.796 is achieved by sentiment + sarcasm + hate
combination and best F1-score of 0.798 is achieved
by both 5-TLfusion and sentiment + irony + hate +
offensive combination of MTL.
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Offensive language classification: In the of-
fensive language classification, the performances in
5-TL and 5-TLfusion models degrade compared to
other combinations of MTLs. The best precision of
0.982 is achieved by sentiment + offensive and irony
+ hate + offensive combination of MTL. The best re-
call of 0.899 and F1-Score of 0.919 is achieved by the
standalone offensive classifier (1-TL) and sentiment
+ irony + offensive combination of MTL.

5.2.2 Dissimilar Task Performance

The performances for dissimilar tasks are provided
in Table 3 and 4 where in Table 3 we compared the
performances between STL (1-TL), MTL (3-TL) and
MTL with fusion (3-TLfusion). In Table 4 we provide
the results for all comparisons of MTLs in dissimilar
tasks.

Table 3: Performance comparison of 1-TL vs 3-TL 
vs 3-TLfusion for dissimilar tasks.

Task Precision Recall F1-
score

1-TL Claim 0.711 0.711 0.711
Sentiment 0.66 0.669 0.664
Language 0.788 0.738 0.723

3-TL Claim 0.589 0.564 0.534
Sentiment 0.597 0.528 0.55
Language 0.762 0.705 0.715

3-TLfusion Claim 0.61 0.599 0.59
Sentiment 0.63 0.566 0.586
Language 0.722 0.706 0.707

Claim detection: In the case of claim detection,
the 3-TLfusion framework performed better com-
pared to simple 3-TL framework. However, all MTL
frameworks perform worse than the 1-TL framework.
The best precision, recall and F1-score are 0.711,
0.711, and 0.711 respectively which all were achieved
by the 1-TL model. Although it is noticeable that the
claim detection task benefits when combined with the
sentiment classification task as we can see in Table 4.

Sentiment classification: Like claim identifica-
tion, in sentiment classification task, the 3-TLfusion

framework performs better compared to simple 3-TL
model. The best F1-score of 0.664 was achieved by
the single task (1-TL) model and sentiment + claim
combination of MTL. The best precision of 0.709 and

recall of 0.642 was achieved by the sentiment + claim
combination of MTL (2-TL).

Language identification: For the language iden-
tification task, the 1-TL framework overperforms all
other combinations of MTL. In this scenario, the per-
formance in simple 3-TL is better than the perfor-
mance of 3-TLfusion framework. The best precision,
recall, and f1-score are 0.788, 0.738, and 0.723 which
are achieved by the 1-TL framework.

6. ERROR ANALYSIS

This section briefly discusses the error cases for
similar and dissimilar tasks in MTL and STL scenar-
ios. The error analysis was conducted only on the
test split of the dataset, and a few examples were
presented in tabular format in Table 5 and Table 6.
For simplicity, the error analysis was conducted only
between the baseline classifier (STL), M-TL, and M-
TLfusion. (M-TL represents the highest combination
of tasks: for similar tasks, M-TL corresponds to 5-
TL, and for dissimilar tasks, M-TL corresponds to
3-TL).

6.1 Analysis of Similar Tasks

The error analysis for similar tasks is provided in
Table 4. From Table 5, for the example S1, the 5-
TLfusion framework correctly detects the neutral sen-
timent in the sentence, but simple 5-TL and 1-TL
failed to predict the proper class label. Therefore,
it can be said that the fusion of sentiment and sar-
casm learning helps to predict ‘neutral’ sentiments in
a sentence better way. Considering another example
S2, from Table 5, it can be observed that our 1-TL
and 5-TL frameworks predict the sentence “Good luck
out there! I hope you find what you’re looking for.”
as sarcastic (actual: non-sarcastic), whereas the 5-
TLfusion framework correctly predicts the sentence
as non-sarcastic. In this case, the learning from the
sentiment task fused with the sarcasm task helps the
model to predict the sentence as non-sarcastic.

However, in some cases, the 5-TLfusion framework
failed to identify proper class labels. For example,
in Sentence S3, the 5-TLfusion was unable to predict
the true class label for irony but correctly predicted
the sentiment class. One possible reason is the fus-

Table 4: Performances of all combinations of MTLs for dissimilar tasks.
Claim Sentiment Language

Task P R F P R F P R F
claim 0.711 0.711 0.711 - - - - - -
sen - - - 0.66 0.669 0.664 - - -
lang - - - - - - 0.788 0.738 0.723
claim+sen 0.709 0.709 0.709 0.709 0.642 0.664 - - -
sen+lang - - - 0.571 0.589 0.576 0.746 0.697 0.695
lang+claim 0.588 0.567 0.542 - - - 0 .687 0.692 0.681
3-TL 0.589 0.564 0.534 0.597 0.528 0.55 0.762 0.705 0.715
3-TLfusion 0.61 0.599 0.59 0.63 0.566 0.586 0.722 0.706 0.707
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Table 5: Error analysis between 1-TL, 5-TL, and 5-TLfusion for similar tasks.

Table 6: Error analysis between 1-TL, 3-TL and, 3-TLfusion for dissimilar tasks.

ing of the learnings from sarcasm and irony in the
Merge2 in Figure 4(b). The combination of sarcasm
and irony misidentifies non-ironic sentences as ironic.
For sentence S5, the 1-TL predicts the proper class
label, whereas the 5-TL and 5-TLfusion failed to pre-
dict. Also, in some cases, both the 1-TL, 5-TL, and
5-TLfusion was unable to predict the correct class
label. For example, in S5, all three models classify
the sentence as ‘neutral’ whereas the original label is
‘positive’ and cannot find the hate in that sentence.
For S6, the models failed to predict the sentence as
an offensive sentence.

6.2 Analysis of Dissimilar Tasks

The error analysis for dissimilar tasks is provided
in Table 6. From Table 6, in the example S1, it is
seen that although claim and language labels were
correctly assigned, the 3-TL framework failed to cor-
rectly predict the positive sentiment of the sentence.

One possible reason for this is that the tasks were
relatively dissimilar; therefore, the 3-TL framework
failed to predict the correct class. However, the fu-
sion of the Dropout layer of the Dclaim and the Dsen

overcomes this issue and predicts its proper sentiment
class. In example S2, for claim detection, 1-TL and
3-TLfusion frameworks failed to predict the claim cor-
rectly, but the 3-TL framework did. In this case, the
fusion of learnings failed to predict the proper senti-
ment class. For sentence S3, only the 1-TL framework
correctly predicted the claim, but the MTL frame-
works couldn’t. The 3-TL framework also incorrectly
predicts it as a sentence in ‘Dutch’ whereas it is an
‘English’ sentence. 1-TL and 3-TLfusion frameworks
predict this sentence as a sentence with negative sen-
timent despite this being a neutral sentence.
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7. OBSERVATIONS

One of our main motives in these experiments was
to study the performance of our developed frame-
works for different similar and dissimilar tasks and
draw some insights from that. Upon performing all
the experiments, there were a few noticeable points
we delved deep into:

Firstly, it is observed that the performances of sim-
ilar tasks as a whole were far better than dissimilar
tasks in our MTL framework. This is because learn-
ing from similar tasks enhances performance, whereas
in dissimilar tasks, learning from one task does not ef-
fectively benefit the others. As a result, we observed
a performance drop in MTL for dissimilar tasks.

Secondly, as discussed in Section 4, the short-head
approach was used for similar tasks, while the long-
head approach was used for dissimilar tasks. The
reason behind this is that similar tasks have many
attributes in common among them. So, the number
of shared layers is greater than the individual task-
specific layers. Whereas dissimilar tasks have very lit-
tle in common, each task requires additional indepen-
dent attention. For this reason, for dissimilar tasks,
we used more layers in the individual task-specific
layers.

Thirdly, as already discussed in Section 3, to pre-
pare our dataset, some open-source models were used
to produce the missing labels needed for our experi-
ments. Although we considered the labels which are
having confidence scores of more than 0.9, still there
might be some false labelling as those models are not
100% accurate. It must have a negative effect on the
overall performance in the individual tasks. However,
to overcome this issue the approach of MTL was per-
formed.

Finally, it can be seen that when the experiments
were carried out in the fusion frameworks as shown in
Figure 4(b) and Figure 5(b), the performances were
better in most of the cases. After seeing these statis-
tics, it can be said that learnings of one task help the
other tasks in an MTL framework.

8. CONCLUSION

In this paper, a deep learning-based MTL frame-
work is proposed that can classify similar types of
tasks such as sentiment, sarcasm, emotion, irony,
hate, and offensive sentences at a time using a neural
network. Besides that, another MTL framework is
proposed that is capable of handling dissimilar tasks
such as claim detection, sentiment analysis, and lan-
guage identification. Our main motive for these ex-
periments was to study the performances of differ-
ent tasks, whether similar or dissimilar, and analyze
how the MTL framework helps or affects the perfor-
mances.

We observed that similar tasks performed better
compared to their corresponding STL frameworks for
similar tasks. On the other hand, the dissimilar tasks

performed better in the STL frameworks. Also, the
fusion technique of MTL in dissimilar tasks performs
comparatively better than the simple MTL for dis-
similar tasks. In future works, we will perform our
experiments with a larger sample size of data to val-
idate the robustness of the frameworks.

9. LIMITATION AND FUTURE WORK

Our proposed work also has some limitations.
Firstly, the size of our final dataset was relatively
small; therefore, a larger dataset is needed to validate
the robustness of the MTL models. Secondly, there
was a significant imbalance in the sarcasm, hate, and
offensive classes in our final dataset (Figure 2); thus,
the model may exhibit performance bias for those
tasks. Lastly, the lack of exploration of transformer
models, such as BERT [14], is one of the limitations
of our work.

In the future, we will increase the sample size of
our existing datasets by including more text to create
a more robust model. We will also try to include texts
from other languages, such as Bengali, Hindi, etc. In
addition, we will explore transformer-based models in
our future work.
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