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Abstract

Sarcasm is a means to convey ridicule or contempt. There has been a plethora of work
in sentiment analysis, of which sarcasm is one of the most challenging tasks due to
the incongruity between the surface level and the intended meaning of the sarcastic
remark. In a dialogue setting, comprehending an ironic utterance is challenging, espe-
cially when the context is unclear. The classical studies primarily dealt with sarcasm
detection tasks which considered the textual modality as the prime one. These works
did well in sarcasm detection but failed to provide any explanation behind the elicited
sarcasm, resulting from the lack of understanding and comprehension of a sarcastic
utterance. The hidden semantic meaning of a sarcastic utterance is difficult to grasp
without complete contextual clues, such as acoustic and visual signals. To this end, we
explore the task of multimodal sarcasm explanation in dialogues, which deals with gen-
erating a natural language explanation for any given sarcastic instance. In this work,
we are proposing the Explanans (What to explain) and Explanandum (what does the
explaining) and follow various psychological theories to explain the satirical discourse.
We show quantitative and qualitative analysis of the proposed model and discuss a
possible future venture which can involve the incorporation of cognitive features as
well.
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Chapter 1

Introduction

The word sarcasm has its origin in the Greek noun called sarkasmos which in its
literal meaning implies ”"a remark which is sneering and hurtful”. Sarcasm is a means
to ridicule, hurt and criticize someone.

The use of figurative language has been prevalent in our lives for ages. We use it
to convey meanings beyond the stated fact. The scenario is more complex when there
is an incongruity between the hidden meaning and the literal one. Classic examples of
such cases are the presence of irony, humor, or satire. Sarcasm also belongs to this set.

The field of Natural Language Processing( NLP) deals with how machines can un-
derstand languages that we humans can use in our day-to-day lives. One such task is
to find the sentiment behind a situation. Sarcasm is always intended to be negative.
For example, a student arrives late to class. The professor says, Wow! You are so
early!. Here the intended or the hidden meaning behind the utterance is the opposite
of what had been said by the professor. It was meant to ridicule the student. Thus,
the sentiment was negative.

The complexity associated with sarcasm is that the sentiment related to a sarcastic
utterance is always misunderstood to be positive. For example, a person writing a
review regarding a mobile phone writes a review, “The battery life is sooo LONGGGG!”
despite the battery being of abysmal quality. If a typical machine learning pipeline is
used to classify, it will label it as a sentence with a positive sentiment.

Sarcasm is always confused with humor and irony. It can be humorous and depict
an ironic scenario but the associated sentiment is always negative. The question does
arise of how to find whether a statement or a said utterance is sarcastic or not. The
answer is not yet simple. Sarcasm is not always explicit. For example in the sentence,
“I love being excluded!”. There are two sentiment-bearing words, love and excluded
with positive and negative sentiments, respectively. The presence of opposite sentiment



words makes it a case of explicit sarcasm. This idea has been implemented as a rule-
based approach in many of the earlier tasks in NLP for sarcasm detection. But this
does not always work in cases where sarcasm is implicit. For example in the sentence,
"I love this paper so much that I will use it to play paper-throw.” In this case, the earlier
paradigm will not work as there are no opposite sentiment-bearing words.

To overcome this, we need to ask if there are any markers of sarcasm. The pres-
ence of repetitions as in “LONGGGGG”, exclamation marks, hashtags, etc., are some
of them, which are primarily used in rule-driven machine learning and deep learning
pipeline. But these rule driven ways face challenges with the preprocessing step, where
the semantics gets lost in between.

The rule-based paradigm suffers from a bottleneck of lack of context. For example,
someone says “I love this weather.” The statement can only be sarcastic if we know
the proper context. By context, it means that if we know that the person hates the
rainy season and the weather is indeed rainy, then only we can say that the person
was sarcastic. Sarcasm is inherently context-dependent. Context gives the freedom to
express something beyond words, beyond the obvious.

The research in NLP has dealt chiefly with text data. The problem with text is
you can be descriptive and elaborative in your writing as much as you want, but the
information conveyed by the text can not always be impactful and significant. Let’s
say an author has to write a scene where a person has to sarcastically say “oh really!”.
The author can write it as “She said “oh really!”, with rolling her eyes”. But can we
be that descriptive all the time?

The answer lies in the use of different modalities. Different modes of information
play different roles while conveying the overall context. The acoustic modality can help
us to know the current mood and emotional state of the speaker depending on the
intonation and modulation of their voice. The visual modality, which could be text or
video, may help us to gauge the incongruity using visual cues such as facial expression,
weather, place, etc. Considering multiple modalities helps us to know the unknown and
fathom the unfathomable.

Multimodality has been explored in the area of NLP extensively in this era because
of the promising results it has given. It helps us to reveal the incongruities that might
be present at the modality level. For example, a person posts on Instagram, an image
with the rainy weather depicting inundation, with a caption “I love this weather”. The
inter-modality incongruence helps us to detect that the person was being sarcastic.

Sarcasm detection has been done in the research field for various needs. The machine
learning models and gradual rise and transition to better-performing deep learning
models are really helping in detecting sarcasm with improved accuracy. But most of
these models are learning this classification task without actually inferring the rationale



behind something being sarcastic or non-sarcastic. The model might be giving the right
results but the result itself could be based on incorrect reasons. This has led to the
task of explanation of why something is sarcastic.

The task of sarcasm explanation generation is a sequence-to-sequence task that ex-
tracts the semantics from the data and generates the meaning behind the utterance.
It involves Natural Language Understanding( NLU ). From understanding the seman-
tics, it has to infer the meaning beyond what has been said and then generate the
explanation.

Dialog conversations play a crucial role in today’s world of NLP. It is an immensely
significant part of automated conversation systems such as chatbots. To generate a
coherent response, the task has to go beyond the general sequence-to-sequence task.
Sarcasm in dialog conversation is difficult as several caveats have to be considered. Sar-
casm in a conversation could be Intended or Perceived. A person making an utterance,
i.e., a source of sarcasm in a dialog might not have the intention of being sarcastic, but
another participant in the same conversation might perceive it as sarcasm. There can be
cases when the target of sarcasm might fail to perceive the mockery or ridicule. Hence
to understand sarcasm in such cases and thereby generate an appropriate explanation
behind the hidden meaning becomes really difficult.

A general theory of finding the hidden meaning behind an utterance is called Literal
First Theory. It is also known as standard Pragmatic Model. 1t states that,
given the presence of incongruity between the literal and the hidden meaning, one first
understands the literal meaning and then finds if any contextual incongruity is present,
then only they are able to comprehend the sarcasm. In one of the previous examples,
a person has to first understand the literal meaning that the weather is nice. As the
presence of inundation leads to semantic incongruity, the sarcasm behind that sentence
is understood.

For a successful conversation to take place, there are certain psycho-linguistic theo-
ries that help us decode the process of such communication. Herbert Paul Grice, one
of the pioneers of linguistic psychology, gave his famous co-operative principle. The co-
operative principle states that during a conversation, there must some common ground
or common knowledge on which successful communication could be based. During the
process, four maxims of conversation must be followed, which are as follows:

1. Maxim of Quality (Be truthful): For communication to be successful, one
should not lie.

2. Maxim of Quantity (Be specific): One should not exaggerate or give too less
information.



3. Maxim of Relevance (Be relevant): One should be relevant to the topic of
conversation.

4. Maxim of Manner (Be orderly and unambiguous): one should provide infor-
mation in a way that is orderly and coherent with the context.

Do we always follow these principles? The answer is no. According to Grice, whenever
we violate or flout a maxim, implicature arises. An implicature is the actual meaning
behind an utterance. The implicature must be recovered for the correct purpose to be
conveyed. From several psycholinguistic analyses, it has been found that sarcasm arises
whenever there is a flouting of the Gricean maxim(s).

Flouting a maxim is different from violating a maxim. Consider a conversation
between A and B.

e A: Can you tell me where this road goes?

e B: Can I tell you the name of my new album?

This reply from B violates the maxim of relevance.
Now consider another conversation between C and D.

e (C: can you tell me where this road goes?

e D: The road goes nowhere, we do!

The reply from D is a flouting of the maxim of relevance and quality. Here D did not
violate it as the reply is still relevant and valid. But un-intentionally, it gave rise to
the implicature that the information is evident regarding the road which should not be
asked (maybe the end of the road was two steps away!)

The main challenge is to implement these theories as mathematical models of rep-
resentation that can be used in a deep learning setup.

As for our task, we further explored the sarcasm explanation in code-mix Hinglish
conversation. The dataset used is called WITS(Why Is This Sarcastic) which was
curated from the Indian tv show called “Sarabhai vs Sarabhai”. The dataset contains
both the English and the code-mix explanation for a given sarcastic utterance in a
dialogue. The WITS dataset was further enriched with the meaning-preserving English
translation of all the dialog conversations.

As in the previous work from our research team, the Modality Aware Fusion(“MAF” )was
incorporated alongside the Multimodal Context Aware Attention(MCAZ2) into the
proposed architecture. The MCA2 mechanism helps establish the deep semantic re-
lationship between different modalities of visual and acoustic signals alongside the text
modality.



To extend this task further, we are unifying psycho-lingusitic theories along with
the deep learning architecture which can help in better inference and understanding of
presence of sarcasm and thereby the intended meaning, which can help generate better
explanations.

We propose the Explanandum and the Explanans as two Major modules. Ex-
planandum, as used in logic and philosophy, means what to explain. In our case, the
explanandum part is the one that learns the features required to understand what is the
accurate semantic representation of a given dialog. The Explanans part is the one that
incorporates the Gricean Maxims with the encoded features from the explanandum. It
is responsible for the understanding, observation, and generation of explanations.

In the following sections we present the

1. Motivation

2. Related Work

3. Dataset

4. Proposed Methodology
5. Results

6. Discussion and,

7. Future Scope
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Chapter 2

Motivation

One of the most complex problems in NLP is sarcasm recognition. Extracting the
implicatures as a subset of sentiment analysis is challenging. It lowers the effectiveness
of feedback systems and collaboration in effective communication since the genuine
hidden sentiments are bypassed, which is the exact reverse of what the traditional
paradigms of sentiment detection were designed to do.

People can now express their thoughts in ways they previously couldn’t because to
the development of open internet forums, social media platforms, and websites. Their
statements and comments reveal their goals, viewpoints, and feelings. Analysis of the
emotions underlying their viewpoint is so crucial. It contributes to better affairs and
suppresses hostile forces that abuse these platforms to promote false information and
disturb social harmony.

Sarcasm does, as has been stated, depend on various things. Context, verbal and
nonverbal indicators, the emotional condition of the parties involved, cognitive factors,
etc. are all relevant. Even for humans, it might be challenging to decipher and under-
stand those indicators in many situations appropriately. So far, most of the work done
on sarcasm detection has been on text data. Multimodal cues like acoustic and visual
(picture + video) signals had to be included since they improved context understanding
and made it easier to compare the literal and intended meaning.

In human communication, indirect speech, like sarcasm, accomplishes a variety of
discourse aims. While the figurative nature of language encourages speakers to attain
particular pragmatic goals, it might be difficult for Al agents to understand these quirks
of human communication. Although the topic of sarcasm identification has received
much attention in dialogue analysis, it is crucial to explain the underlying sarcastic
connotation of a discussion in order to fully grasp its underlying meaning and produce
suitable answers.

11



The arrival of large language models has given immense inference mechanisms for
most of the NLP tasks. But too much reliance on them leads to a loss of explainability
as the fundamental theories of social behavior and language comprehension fall apart.

The relationship between a sound theory of sarcasm comprehension can help us to
create better and persona-aware bots that can help understand the sarcasm and then
explain it to those who find it difficult to infer the hidden meaning.

12



Chapter 3

Related Work

Gibbs, in his 1986 paper on the Psycho-linguistics of sarcasm, performed six experi-
ments to gauge the factors leading to comprehension and understanding of irony. Before
this work, there was too much emphasis on the classical ‘Standard Pragmatic Model’,
which says that our brain first retrieves the literal meaning of something we perceive. If
it encounters any anomaly arising out of the dichotomies and the semantic mismatch,
it only processes further and recovers the implicatures, i.e., the true hidden meaning
behind the stimuli. The statistical analysis of the participants’ response time during
sentence reading and comprehension was done. The results showed that any utterance
has no fixed meaning. The comprehension and understanding entirely depend on the
shared belief between the person(s) involved in the conversation and the underlying con-
text. The short-term memory associated with language comprehension also suggested
that the standard pragmatic model rarely comes into the picture to understand sarcasm
which established the role of a shared ground or belief and contextual significance of
any utterance for its comprehension.

In most of the earlier literature, we do see that Incongruity theory is being used
to explain the rationale behind something being funny or not. This, however, has a
significant drawback of classifying Surprise, Juxtaposition, Atypical, and Violation as
humorous too, as pointed out by Warren et al. The divergence between the expected
and unexpected, such as the anti-climax of a story, can also be classified mistakenly as
sarcasm. Any atypical scenario or particular violation of our traditional social beliefs
can also be labeled as sarcasm. These authors proposed the idea called Benign Violation
Theory. Benign violation goes against our beliefs and faith, but at the same time, it
is okay, i.e., mild. This is the reason behind the origin of humour. For example,
when somebody tickles us, our personal space gets evaded. But, at the same time,
it feels normal. This was the primary motivation behind the hypothesis. This idea,

13



when tested, helped reduce the misclassification rate for humorous vs non-humorous
situations.

In a well-organized overview on computational sarcasm, Joshi et al. (2017) elab-
orated on the pertinent datasets, trends, and problems for automatic sarcasm identi-
fication. Early attempts to identify sarcasm relied on single text sources like tweets
and reviews (Kreuz and Caucci, 2007; Tsur et al., 2010; Joshi et al., 2015; Peled and
Reichart, 2017). These early studies mostly concentrated on using linguistic and lexical
characteristics to identify sarcasm’s telltale signs (Kreuz and Caucci, 2007; Tsur et al.,
2010).

The role of machine learning played a considerable part in classification tasks. But,
the early days of such tasks depended primarily on strict paradigms. To determine the
presence of sarcasm, sarcasm detection tasks mainly focused on rule-based, hashtag-
based, and pragmatics such as punctuation and capitalization of characters. In their
paper, Joshi et al.[? | describe how the need to incorporate standard linguistic theories
is necessary for sarcasm detection. They proposed a Context Incongruity theory for
detecting sarcasm. Context Incongruity incorporates both explicit as well as implicit
incongruity. For example, "I love being ignored” has both the words ‘love’ and ‘ignored’
of opposite polarity, and hence the contradiction is explicit. Whereas, in the sentence
‘I love your face so much that I would never stop playing cricket with it’, any negative
words are absent. But the second phrase considered for the context is negative, so the
incongruity is implicit. This paper used tweets as well as comments from discussion
forums. The best model gives us an accuracy of about 88.76%. There is an improvement
of around 8% in the F1 score. Riloff, Maynard datasets were used, out of which Riloff
gave the best accuracy. The major drawback was this study did not consider Inter-
sentential incongruity.

Ghosh et al in their research, analyzed that since grammatical errors are common-
place across social media, and most of the classical machine learning models incorpo-
rated standard grammatical structures such as Bag of Words and POS tagging, the
results were not typically good. They proposed a Neural network semantic model for
sarcasm detection comprising CNN-LSTM-DNN layers. The F1 score turns out to be
92%. They had used a Twitter dataset of 41K tweets, with 39K tweets as training
data, constituting sarcastic and non-sarcastic labels. The model also performed out-
standingly on the standard TSUR and RILOFF datasets with F1 scores of 90.1 % and
88.1% respectively. This study established the semantic power of neural networks. But
the proposed model failed to classify similar concepts. It correctly classified "I just love
Mondays!” as sarcastic. But I could not do the same for the sentence ” Thank god it’s
Monday!”

Recently, attention-based architectures have been proposed to take use of the links

14



between and within sentences in texts for effective sarcasm recognition (Tay et al.,
2018; Xiong et al., 2019; Srivastava et al., 2020). Tay et al., in their research pro-
posed MIARN(Multi-dimensional Intra-Attention Recurrent Network) to detect intra-
sentence incongruity. which earlier neural network architecture failed to do so. The ar-
chitecture used encodings generated from the text, and parallel processing using LSTM
and MIARN was done. The output from those was finally passed to a final decoder
layer. This study focused on the way opinions are being mined for sarcasm. Models
that were used as baselines were CNN-LSTM-DNN and GRNN. Contrastive sentiments
were also detected in the proposed architecture. They achieved the best accuracy using
MIARN, which came out to be 86.47%.

As it has been said, sarcasm does depend on many factors. It depends on the
context, the verbal and the non-verbal cues, the emotional state of involved entities,
the cognitive factors, etc. And often, it’s not easy to interpret and comprehend those
signs correctly, even by human beings. Most of the sarcasm detection work to date was
done on text data. Incorporating multimodal cues such as auditory and visual (image +
video) cues was necessary as they better help understand the context; thus, the contrast
between the literal and intended meaning can easily be extrapolated. Castro et al.[?
| proposed a new dataset called Multimodal Sarcasm Detection Dataset (MUStARD).
It is compiled from multiple popular tv shows with audio-visual utterances and the
sarcasm label.

Multimodality helps provide additional cues such as prosody, stress on discourse
markers, facial expressions, etc. The models trained over this dataset had shown a
performance improvement and reduced the error in the F1 score by 12.9%. This work
provided a new challenge of finding the incongruity among modalities, detecting sarcasm
in a conversational context, and prominent speaker localization.

Earlier models used concatenation of features extracted from different modalities.
Cai et al. collected Twitter data (which consists of images and texts) for their analysis.
This study considered the image, attributes, and text as three separate modalities.
These modalities were used to create a single feature vector. The final vector was used
for classification. It performed better than the baseline with individual modalities and
the concatenated features. The researcher used Bidirectional LSTM to extract text
from the image. A new dataset had been curated for multimodal bidirectional LSTM.
There was no public dataset; hence, the researcher built their dataset in this research
paper. CNN, such as ResNet, was used to extract image-specific features. The best
overall accuracy came out to be 83.44%.

Bedi et al. curated a dataset called MaSaC from the popular tv show ‘Sarabhai vs
Sarabhai’. They addressed two areas of code-mixed conversation and humour detection
alongside sarcasm detection. The rationale was that most of our conversations switched

15



back and forth among different languages for the former. For example, some of us use
“Hinglish” in our daily conversations. The challenges to extracting meaning from such
code mixed dialogues were explained in the paper. The latter hypothesis was based
on the reasoning that both the parts are related in the problem space and depend on
the context of the situation to extract the hidden semantics. They should be done as
a joint task. The modalities used for the processing were textual and acoustic. Visual
modality was not considered, introducing noise and hampering the learning process.
The proposed model MSH-COMICS for classifying utterances as sarcastic and non-
sarcastic and humorous or non-humorous showed promising results.

In the context of conversational Al, analysis of figurative language has also received
substantial study. Attention-based RNNs were used by Ghosh et al. (2017) to recog-
nise sarcasm in the presence of context. For the two inputs (sentence and context), two
different LSTMs-with-attention were trained, and during prediction, their hidden rep-
resentations were mixed. Beyond the English language, sarcasm identification research
has also been conducted. Sarcasm was identified using rule-based techniques by Bharti
et al.(2017) using a corpus of 2000 sarcastic tweets in Hindi. Swami et al. (2018) em-
ployed n-gram feature vectors with different ML models to detect sarcasm in a dataset
of 5000 humorous Hindi-English code-mixed tweets. Other noteworthy research focus
on Italian (Cignarella et al., 2018), Spanish (Ortega-Bueno et al., 2019), Arabic (Abu
Farha and Magdy, 2020), and Spanish (Ortega-Bueno et al., 2019).

While sarcasm identification has been the main focus of computational sarcasm
studies, some attempts into other areas of figurative language analysis have been ex-
plored. Deep learning has been used by Dubey et al. (2019) to translate sarcastic
statements into non-sarcastic interpretations. Another method for generating sarcasm
was developed by Mishra et al. (2019) by producing context incongruity by fact removal
and incongruous phrase substitution. After that, Chakrabarty et al. (2020) introduced
an unsupervised framework for snark creation that is built on retrieve-and-edit. Their
suggested model uses semantic incongruity and valence reversal to produce sarcastic
phrases from their non-sarcastic counterparts.

Also the analysis of statistical experiments has been done on Gricean maxims and
their violation of humour and irony, the experiments have never been concrete, and
there are not any concrete mathematical models to represent those maxims astutely.
Also, the scarce amount of instances curated during these psychological experiments
are not apt for deep learning as they are highly prone to overfitting.

A lot of research has been done on detecting sarcasm, but very little, if any, has been
done on elucidating the irony of sarcasm. In order to close this gap, this study offers
a novel problem formulation by incorporating the psycho-linguistic facets of sarcasm
comprehension.
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Chapter 4

Dataset

"Sitcoms” or situational comedy, accurately portray human behaviour and mannerism
in typical, daily situations. As a result, the NLP research community has utilised such
data for sarcasm recognition with success.

The dataset used for the task is WITS(Why Is This Sarcastic). WITS is an exten-
sion of MaSaC, a sarcasm detection dataset with the addition of code-mix and english
explanation of the sarcastic utterance in a dialogue. The dataset is a compilation of
sarcastic dialogues from a popular Indian TV show called “Sarabhai vs Sarabhai. Along
with the textual transcripts of the conversations, the dataset also contains multimodal
signals of audio and video.

The TV show’s original dataset had 45 worth of episodes, but WITS has 10 ad-
ditional episodes as well with their transcriptions and audio-visual limits. Then, the
sarcastic utterances from this updated dataset were chosen, and the utterances that
should be included in the dialogue context for each of them were manually defined.
Finally, the dataset is left with 2240 sarcastic dialogues with the number of contextual
utterances ranging from 2 to 27. Each of these instances is manually annotated with
a corresponding natural language explanation interpreting its sarcasm.[26] Each expla-
nation contains four primary attributes — source and target of sarcasm, action word for
sarcasm, and an optional description for the satire as illustrated in Figure ?77.

Each instance of the text data conists of

1. Episode number
2. Episode name
3. Context speakers

4. Target utterance

17



Conversation

u, | Maya: Kaise lag rahi hu mai?
(How am | looking?)

|
|
| |
' |
' |
' |
' |
' |
' |
| |
o '

|
: u, Indu: Taareef karu ya burai karu? :
: (Should | praise you or ridicule you?) :
|

|
I |
|
0 '

|
: u,| Maya: Oh, taareef please, taareef... " :
I (Oh, praise please, praise...) id :
|
N '
P |
|

|
| S g’
: u Indu: Oh ho ho, fir to sochna padega! : § a
| "#| (Oh ho ho, then | will have to think!) -
| | O g
: \_ : o

Sarcasm p—— . L .

Explanation Indu implies ki Maya achchi nahi lag rahi.

(Indu implies that Maya is not looking good. )J=

NN
[ N

Source Action word Target Description

Figure 4.1: Sarcasm Explanation in Dialogues (). Given a sarcastic dialogue, the aim
is to generate a natural language explanation for the sarcasm in it. Blue text represents
the English translation for the text.
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5. Context utterances

6. Target Speaker

7. Sarcasm target

8. Sarcasm type (Intended or Perceived)
9. Code-Mix Explanation

10. English Explanation

The dataset as desrcribed in 4.2 was further extended in this work by adding semantic
preserving English translation of all the context utterances and the target utterance.
For the respective visual and acoustic modalities, features were extracted from the
video and audio file tools described in the Results section.
We further developed 3 attributes for our dataset. For each of the instances, we
developed

1. Simple Graph: Each sentence in the dialog is represented as node. It is a
complete unweighted graph.

2. Entailment Graph: Each sentence in the graph is connected to another sentence
with associated entailment value. For every pair of nodes x and y, we have two
edges from z to y and y to z.

3. Contradiction Graph: FEach sentence in the graph is connected to another
sentence with an associated contradiction value. For every pair of nodes x and y,
we have two edges from z to y and y to x.

The respective entailment and contradiction values were computed using the Face-
book MINLI pre-trained model in a zero-shot setup.

The data was split into training, validation, and test sets in the ratio of 80:20:10.
the training set thus, have 1792 instances and the remaining two have 224 instances
each.

Table 4.1: Satistics of the dataset

# Dialogues # Utterances # English utts # Hindi utts # Code-mixed utts Avg. utt/dlg
2240 9080 101 1453 7526 4.05
Avg. speaker/dlg Avg. words/utt Avg. words/dlg Vocab size English vocab size Hindi vocab size
2.35 14.39 58.33 10380 2477 7903
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Figure 4.2: Distribution of attributes in the dataset. The number of utterances in
a dialog lies between 2 and 27. Maximum number of speakers in a dialogue are 6.
The speaker ‘Maya’ is the most common common sarcasm source while the speaker
‘Monisha’ is the most prominent sarcasm target.
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Chapter 5

Proposed Methodology

5.1 Foundation architecture

The current work is based upon the architecture developed by Kumar et al.[26] Their
primary goal was to smoothly integrate multimodal knowledge into the BART archi-
tecture. To this end, they introduced Multimodal Aware Fusion, an adapter-based
module that comprises of Multimodal Context-Aware Attention (MCAZ2)() and Global
Information Fusion (GIF) [26)mechanisms. Given the textual input sarcastic dialogue
along with the audio-video cues, the former aptly introduces multimodal information in
the textual representations, while the latter conglomerates the audio-visual information
infused textual representations. This adapter module can be readily incorporated at
multiple layers of BART /mBART to facilitate various levels of multimodal interaction.
Figure 5.1 illustrates that model architecture.

5.1.1 Multimodal Context Aware Attention

Textual representations interact directly with other modalities when using the conven-
tional dot-product-based cross-modal attention strategy. Here, the multimodal repre-
sentations serve as the key and value while the text representations serve as the query
against them. A direct merging of multimodal information might not retain all contex-
tual information because each modality originates from a distinct embedding subspace
and might also leak a lot of noise into the final representations.

Prior to performing the conventional scaled dot-product attention, the generation
of multimodal information-conditioned key and value vectors is carried out. The de-
scription given by Kumar et al[26]. of the procedure is as follows:

Given the intermediate representation H generated by the GPLMs at a specific
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Figure 5.1: Model architecture for . The Foundational proposed Multimodal Fusion
Block captures audio-visual cues using Multimodal Context Aware Attention (MCA2)
which are further fused with textual representations using Global Information Fusion
(GIF) block.

layer, the query, key, value and value vectors Q, K, and V € R™? respectively, as
given in Equation 5.1, where W, W, and Wy, € R%*¢ are learnable parameters. Here,
n denotes the maximum sequence length of the text, and d denotes the dimensionality
of the GPLM generated vector.

[QKV] = H [WoWxWy] (5.1)

& =a- [P+ ) e )

Finally, the multimodal information infused vectors are used to compute the tradi-
tional scaled dot-product attention.

5.1.2 Global Information Fusion

In order to combine the information from both the acoustic and visual modalities,
Kumar et al. [26] design the GIF block. They proposed two gates, namely the acoustic
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gate (g,) and the visual gate (g,) to control the amount of information transmitted by
each modality.

5.2 Gricean Maxims

Grice asserted that people in a conversation follow the four maxims of conversation
for efficient communication. These maxims are

1. Maxim of Quality: Don’t share anything that you know to be untrue or illog-
ical; instead, make your contribution true.

2. Maxim of Quantity: Be as informative as required. No less, no more.
3. Maxim of Relevance: Be relevant

4. Maxim of Manner: Be observant, thus steer clear of obscurity and ambiguity
and aim for brevity and organisation.

These maxims could be understood by a simple example. Suppose Raju needs to
build a boat. His brother will hand him a hammer instead of a sword(being relevant),
give him more than a single block of wood(maxim of quanity), good wood rather than
rotten one(maxim of quantity) and will try to provide it as quickly and efficiently as
possible(maxim of manner). These were seen by Grice as examples of general laws
regulating reasonable, cooperative behaviour rather than as arbitrary conventions.

Whenever a particular maxim is flouted, it gives rise to implicatures. Implicature is
the intended meaning beyond the said statement. The theoretical account of conversa-
tional implicature for a speaker S and the listener L can be given as:

S conversationally implicates m iff S implicates m when:

e S is presumed to be observing the Cooperative Principle. It is called Co-
operative Presumption

e The supposition that S believes m is required to make S’s utterance consistent
with the Cooperative Principle. It is called Determinacy

e S believes (or knows), and expects L to believe that S believes that L is able to
determine the consistency is true (Mutual Knowledge and Theory of Mind).

At the heart of Gricean theory lies the Calculatibility principle. It states
that it must be possible to resolve conversational implicatures. The hearer will use the
following information to determine whether a particular conversational implicature is
present:
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the conventional meaning of the words used, together with the identity of any references
that may be involved;

the Cooperative Principle and its maxims;
the context, linguistic or otherwise, of the utterance;
Background knowledge

the fact (or alleged reality) that both participants have access to all relevant things
falling under the aforementioned headings and both participants are aware of or believe
this to be the case.

Given the dependence of implicature on the the three conditions of Presumption, De-
terminacy and, Mutual shared knowledge, He also postulated Grice’s Razor, similar
to the Occam’s Razor. It states that “senses are not be multiplied beyond necessity.”
It is theoretically more cost-effective to explain and anticipate an event in terms of
psycho-social principles rather than positing senses and the like, which cannot be thus
described.

Sarcasm in conversational dialog involves implicatures and oftentimes the maxims
of cooperative principles are flouted to express sarcasm.

5.2.1 Explanans

FExplanans is a latin term which means ‘what to explain‘. Our work incorporates the
node2vec embedding from the Simple Graphs as a new modality. This simple graph is
analogy to the chaotic relationship between different sentences that need to be resolved
to get atleast a proper semantic representation which may or may not be completely
true. The encoder from the foundation architecture gives the representation that has
to be fed into the Fxplanandum .

5.2.2 Explanandum

Ezplanandum means ‘What does the explaining‘. In our task, The explanandum com-
prises of:

1. Commonsense knowledge graph: To get commonsense knowledge regarding the
current dialog scenario. Node2Vec embeddings are used as a feature for further
processing

2. Maxim-Quality: It is the feature extracted from Node2Vec embeddings of the
Contradiction graph. The embeddings are passed through a transformer encoder.
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Figure 5.2: The Proposed architecture. Explanans comprises of modules outside the
Explanandum.

3. Maxim-Relevance: It is the feature extracted from Node2Vec embeddings of the
Entailment graph. The embeddings are passed through a transformer encoder.

4. Decoder.

The encoded representation from the previous steps had to be reconciled to feed to the fi-
nal decoder. We applied an attention layer over the representation from Maxim-Quality
and the Maxim-Relevance. To all the final representations, we performed adding the
embeddings to get the final embedding representation which was fed to the decoder.
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5.3 Results

We first implemented the foundation architecture for our task which is referred to in

the 5.1. For the acoustic and visual modality, we had the extracted features with us.
Networkx module was used to create unweighted graph for Simple Graph represen-

tation. For the Entailment and Contradiction graph, we used Facebook’s MINLI to

generate the degree of entailment and contradiction between a pair of sentences.
These graphs were further passed to Node2Vec for embedding generation.

5.3.1 Baselines

As textual data has been the prime modality, several baseline were implemented:
1. RNN: The OpenNMT version of the seq-2-seq architecture was used.
2. Transformer: The standard encoder-decoder architecture was implemented

3. Pointer Generator Network: It is used for seq-2-seq task as well as for sum-
marization.

4. BART: It is a denoising autoencoder model with standard machine translation
architecture with a bidirectional encoder and an auto-regressive left-to-right de-
coder. its base version was used.

The results f english text only dataset is found in 5.1.

R1 R2 RL Bl B2 B3 B4 METEOR
5*Code-mixed | RNN 8.94 0.98 | 8.61 1.24 0.29 | 1.63 1.22 | 3.30
Transformer | 3.20 0.25 | 3.19 0.40 0.01 | 1.15 8.20 | 1.11
PGN 2337 | 483 | 1746 |17.32 | 6.68 | 1.58 0.52 | 23.54
BART 41.49 | 16.66 | 38.81 | 33.27 | 18.00 | 10.87 | 6.71 | 31.88
mBART 40.82 | 17.35 | 38.08 | 32.75 | 18.33 | 11.8 | 8.31 | 31.12
5*English RNN 8.94 0.98 | 8.61 1.24 0.29 | 1.63 1.22 | 3.30
Transformer | 3.20 0.25 | 3.19 0.40 0.01 | 1.15 8.20 | 1.11
PGN 2337 | 483 | 1746 |17.32 | 6.68 | 1.58 0.52 | 23.54
BART 41.49 | 16.66 | 38.81 | 33.27 | 18.00 | 10.87 | 6.71 | 31.88
mBART 40.82 | 17.35 | 38.08 | 32.75 | 18.33 | 11.8 | 8.31 | 31.12
MAF-TAVB | 36.69 | 17.10 | 37.37 | 33.20 | 18.69 | 12.37 | 8.58 | 30.40
Proposed 39.01 | 17.20 | 36.7 31.00 | 1754 | 11.3 | 6.9 | 30.07

Table 5.1: Multilinguality
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5.3.2 Evaluation Metrics

e ROUGE
Recall-Oriented Understudy for Gisting Evaluation, or ROUGE, is an evaluation
metric. In reality, ROUGE is a collection of measures rather than a single one.
The metrics contrast an automatically generated summary or translation with a
reference summary or translation, or a collection of references. ROUGE is solely
based on memory.
The following are the five evaluation criteria for ROUGE:

1. ROUGE-N: N-gram overlap between the reference and system summaries.
There are two subgroups of ROUGE-N: ROUGE-1 and ROUGE-2. The
overlap of unigrams between the system and reference summaries is referred
to as ROUGE-1. The bigram overlap between the system and reference
summaries is known as ROUGE-2.

2. ROUGE-L: Using statistics based on the longest common sequence. The
longest common subsequence issue automatically recognizes the longest co-
occurring in sequence n-grams while naturally accounting for sentence-level
structure similarities.

3. ROUGE-W: LCS-based statistics that are weighted in favor of consecutive
LCSes.

4. ROUGE-S: Statistics for co-occurrences based on skip-bigram. Any pair of
words in their sentence order is a skip-bigram.

5. ROUGE-SU: Unigram-based co-occurrence statistics combined with skip-
bigram.

e BLEU The Bi-Lingual Evaluation Understudy (BLEU) compares the machine-
generated translation, also referred to as the candidate translation, with existing
human-generated translations, also referred to as the reference translations. The
value of the BLEU score, like any precision-based statistic, is always a number
between 0 (worst) and 1. (best). Modified n-gram precision and best match
length in BLEU are used to approximate precision and recall, respectively.

e METEOR It is utilized to assess how closely the candidate text produced by
an ML model corresponds to the reference text that is supposed to be gener-
ated. When assessing a match, METEOR considers both precision and recall.
METEOR alters the accuracy and recall computations with a weighted F-score
based on mapping unigrams and a penalty function for erroneous word order.
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An example Explanation Generation for different Models can be seen in the figure
below.

SAHIL: Ab mmne ghar ki itni saaf safai ki hai and secondly
us Karan Verma ke liye pasia, lasagne, caramel custand banaya.
|\I{.|M' Jene IIH'I'I'{‘ [} II-fI:h'IE"ﬂII JIIJI"" IIJI'.IHJ-I“' X0k M IIJ ll'.lrill el I'JHI'!II_TIHHI"II'
pnster, fasagnre, caramiel custand for thar Karan Verme.
MONISHA: Walnut brownie bhi. And welnar lrowande oo,
SAHIL: Walnut brownie, matlab wo khane wali? You mean
edibrle warlet bronvnte?
Crinbd Sahil moaisha ki cooking ka mazak udara hai Sefidl
ke fun of Montsha s cooking.

BART Momisha sahil ko walnot brownie ki matlab wo
khane wali. Walner Browiie to Monitha Sahil
means she eals

MAF- Sahil monisha ki cooking ka mazak udata hai Sl
TAVy  makes fun of Mordsha s conking.
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Chapter 6

Discussion

As per the results in the above-given Table-2, the MAF-TAV performance still had
been superior. Multimodality definitely helps improve the task of explanation genera-
tion. Our proposed method of Explanans and Explanandum still did good. To compare
whether it actually is understanding the sarcasm, We tried to predict the class of ut-
terance as Intended, Perceived or both. As per the results, the encoded representation
from the explanans improved this classification task by 7%. This suggests that, our
proposed architecture of explanandum is inferring the implicature and the semantics
more accurately. This inference is what we need for a step towards artifical general
intelligence
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Chapter 7

Future Scope

7.1 Psychology and Sarcasm

As evident from the results, psychological theories of language comprehension do play
a crucial role. Although Gricean maxims does play a crucial role to understand the
hidden meaning, it does fail in many scenarios such as the case of deliberately opting
out of following a maxim.

There have been new theories such as the relevance theory and the neo-gricean
theory. These may help overcome the various challenges the cooperative principle faces.

7.2 Cognition and sarcasm

Mishra et al. proposed that the cognitive load while processing the semantic incongruity
during sarcasm comprehension must be higher. Since gaze movement is correlated
with such cognitive processing, it must be of some use in sarcasm detection. The
eye-movement patterns of the human reader were used to extract the mental feature
to enhance the overall feature space. In this paper, the authors took note of the
incongruity theory and made specific observations and hypotheses, further supported
by their results. Sarcasm requires more processing time. Hence it is reasonable to
deduce the longer fixation duration would indicate sarcasm. They framed a dataset
created using the Gaze Pattern of human readers. This was further used to generate
line graphs called Scanpaths. Every node denoted the fixation duration, and the edge
characterized the saccadic movement between the words.
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