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Abstract

Sarcasm is a nuanced and context-dependent communication that poses a significant
challenge for natural language processing (NLP) systems. This study proposes a novel
approach to improving sarcasm understanding by generating explanations and targets
for sarcastic input using a multi-modal encoder-decoder transformer model. Our ap-
proach builds on an existing dataset called MORE by adding 2000 more instances and
annotating the target of ridicule for all the sarcastic instances. The key idea behind our
approach is to provide the model with more contextual information and common-sense
knowledge to better understand sarcasm’s complex and subtle nature. The model can
give users a more accurate and adequate understanding of the underlying sarcasm by
generating explanations and targets for sarcastic input. Our experimental results show
that our proposed approach gives better results than the existing benchmark on the
task of sarcasm explanation. Furthermore, our approach is highly interpretable, as the
generated explanations and targets provide valuable insights into the model’s decision-
making process. Overall, our study demonstrates the effectiveness of our proposed
approach for improving sarcasm understanding in NLP systems. Our approach has
critical practical applications in sentiment analysis, opinion mining, and social media
monitoring, where sarcasm understanding is crucial.
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Chapter 1

Introduction

1.1 Definition

Sarcasm is a challenging sentiment to understand. The Oxford Dictionary defines sar-
casm as "the use of irony to mock or convey contempt.” It involves saying something
opposite to the person’s meaning, often intending to criticize or ridicule something or
someone.

1.2 Motivation

Sarcasm is a complex form of sentiment to understand. There have been numerous
studies on sarcasm detection, but just one study on sarcasm explanation. More than
just detecting the sarcasm may be required for the users to understand why the given
input is sarcastic. Hence, we improve the Multimodal Sarcasm Explanation (MUSE)
task introduced in ’Desai, Poorav, Tanmoy Chakraborty, and Md Shad Akhtar—2022’,
where we generate explanations of the intended sarcasm for a given sarcastic input.
Also, the target of sarcasm may not be limited to just the image and text. It can
also be an action. Most studies focus on finding the target of sarcasm in either text
or image. We propose a task where we generate the target of the sarcasm for a given
sarcastic input. To this end, we annotate the dataset with the target of the ridicule in
the sarcasm.



1.3 Background

Sarcasm refers to words that mean the opposite of what a person really wants to say,
especially to insult someone, to show irritation, or to be funny. Sarcasm is a complex
sentiment to detect. The early studies in sarcasm detection involved using only text
data. In ’Gonzélez-Ibdnez et al. (2011) [8]’, the authors create a corpus for detecting
sarcasm and use lexical and pragmatic features with machine learning to detect sarcasm
in tweets. The authors also compare the scores obtained using machine learning with
those obtained using human evaluation, showing that automatic classification works as
well as human classification. But this study did not take into account the incongruity
in the text. ”Joshi et al. (2015) [11] ” showed that incongruity in text helped detect
whether a text was sarcastic. The incongruity is classified into implicit and explicit
incongruity, where implicit refers to the sentences having opposite polarity to some
words like "1 loved this movie so much that I left in the middle of it,” wherein "1 left
in the middle of it” has an opposite polarity to the word ”love” and explicit referred to
the words having opposite polarities like 'I love being ignored’ where the word 'love’ has
an opposite polarity to the word 'ignored’. But this study did not capture the semantic
and syntatic meaning of the words.

In "Joshi, et al. 2016 [12]’, the author then tried adding word-based embeddings
such as word2vec, glove, etc. and saw an improvement in sarcasm detection. This
show that semantic and syntatic meaning of the words help in understanding sarcasm.
However, most works on sarcasm detection before 2019 were performed on textual
data. In ’Castro et al. 2019 [2]’, authors show that introducing multimodal cues
improves sarcasm detection. The authors propose a novel dataset Multimodal Sarcasm
Detection Dataset (MUStARD), enabling the development of multimodal approaches
in sarcasm detection. In ’Sangwan et al.2021 [21]’, the authors use deep learning to
combine visual and textual modalities. It is a known fact that for sarcasm to work, the
recipient should have common sense or knowledge of it. In ’'Li, Jiangnan et al. 2021,
the author integrates commonsense in sarcasm detection and shows its effectiveness on
three datasets. These studies show that introducing multimodality and common sense
help in understanding the sarcasm better.

In 'Desai et al. (2022) [7]’, the author proposes a novel problem, "Multimodal Sarcasm
Explanation’. The task takes a multimodal (image and its caption) sarcastic post as
input and aims to generate a natural language sentence to explain the intended irony
in the sarcastic post. The author generates a novel multimodal sarcasm explanation
dataset named MORE.



Previous studies on sarcasm target identication use only textual data. "Wang et
al. (2022)" [28] show that multimodality helps in sarcasm target identification.Studies
related to sarcasm target identification either find the target in the text or image. But
target need not be bounded to image and text.

1.3.1 Problem Definition

For a given multimodal sarcastic post P = (I, T[ty,ts,...,tx]), We aim to reveal the
underlying sarcasm by generating a natural language explanation Eley, es, ..., ep], where
Vi;, e; € VocabEnglish.

We also propose a novel task of sarcasm target generation. For a given multimodal
sarcastic post P = (I, T[ty,ts, ...,tn]), we aim to generate the target of ridicule in the
sarcastic input R[rq, 7, ..., 7p], where Vt;, r; € VocabEnglish.

1.4 Contribution

Our contributions are as follows:

e Sarcasm always has a target of ridicule. In this paper, we extend the MORE
dataset by providing a target of the sarcastic input.

e We also increase the number of instances in the dataset by 2000 instances. Thus,
the total number of instances in the dataset is 5510, consisting of image, caption,
explanation, and target.

e We introduce a novel multimodal transformer encoder-decoder model that gener-
ates explanations and targets.

e Using the model, we show that explanation improves the quality of the target,
and the target improves the quality of the explanation.

10



Chapter 2
Related Work

2.1 Sarcasm Detection:

Sarcasm detection tasks were initially performed using unimodal approaches such as
text.In ”Davidov et al. (2010) [6]”, the authors propose a method for sarcasm de-
tection based on lexical, syntactic, and semantic features. In ”"Ptacek, Tomas, et al.
(2014) [22])”, the authors propose a method for sarcasm detection based on sentiment
analysis and pattern matching. In "Joshi et al. (2015) [11]’, the authors identify text
incongruity as a critical sign of sarcasm. ’Bouazizi and Otsuki Ohtsuki (2016) [1]’
use sarcasm-related features, including sentiment, punctuation, semantic, and pattern-
related features, to detect sarcasm. However, these studies primarily focus on texual
data for sarcasm detection.In ”Poria et al. (2016) [21]”, the authors propose a method
for sarcasm detection using a deep learning model that combines textual, visual and
acoustic features. ’Castro, et al. (2019) [3]” propose a multimodal approach by provid-
ing a Multimodal Sarcasm Detection Dataset (MUSTARD). ’Sangwan et al. (2020) [24]’
use textual and visual modalities to detect sarcasm by providing more clues. Y. Wu
et al. (2021) [29]" proposed an incongruity-aware attention network (IWAN), which
detects sarcasm by focusing on the word-level incongruity between modalities via a
scoring mechanism.

2.2 Sarcasm Detection using Commonsense Knowl-
edge:

'Li, Jiangnan, et al [1 6] propose a novel deep-learning architecture for sarcasm detection
by integrating commonsense knowledge. In this paper, the authors used a pre-trained

11



COMET model to generate relevant commonsense knowledge. ’Chowdhury, et al. 2021
[1]” use COMET and pretrained embeddings along with graph convolution network to
show that incorporating commonsense knowledge’s improves sarcasm detection.

2.3 Natural Language Generation:

Recents studies have used multimodality for natural language generation 'Hendricks et
al. (2016) [9] used a fine-grained classifier to predict a label and then concatenated
the label with the visual features to explain the predicted label. 'Costa, Felipe, et al.
(2018) [5]” generated explanations using user reviews. Elliott et al. (2013) [15] intro-
duces a model that generates natural language descriptions based on visual perception,
incorporating image features to enhance the language generation process. Karpathy
and Fei-Fei (2015) [13] proposes an influential model that generates image descriptions
by combining convolutional neural networks (CNN) for visual understanding and re-
current neural networks (RNN) for language generation. Xu et al. (2015) [30] presents
an attention-based image captioning model that attends to different parts of the image
while generating captions, resulting in more detailed and accurate descriptions. Das et
al. (2020) [19] introduces an approach that incorporates image-based context into dia-
logue generation, enhancing the generation of questions and responses in a multimodal
conversational setting.

2.4 Sarcasm Target Identification:

"Joshi et al. (2018) [10]" introduced a novel dataset where the sarcasm target of the
tweet or book snippet is annotated. The authors then used rule-based and statistical-
based extractors to identify the sarcasm target. 'Wang et al. (2022)’ [28] introduced
multimodality to sarcasm target identification and showed that visual cues help find
the target of sarcasm in the text and image with reasonable accuracy.

2.5 Sarcasm Explanation:

‘Kumar et al. (2022) [11] studied the discourse structure of sarcastic conversations
and proposed a novel task - Sarcasm Explanation in Dialogue (SED). The task aims
to generate natural language explanations of satirical conversations. The authors also
curated a new WITS dataset to support the task. They proposed MAF (Modality
Aware Fusion), a multimodal context-aware attention and global information fusion

12



module to capture multimodality and use it to benchmark WITS. 'Desai et al. (2022)
[7]” proposed a novel problem - Multimodal Sarcasm Explanation (MuSE) - where given
a multimodal sarcastic post containing an image and a caption, the authors aimed to
generate a natural language explanation to reveal the intended sarcasm. They also
developed a novel MORE dataset containing 3510 sarcastic multimodal posts.

13



Chapter 3
Dataset

3.1 MORE Dataset

We extend the Multimodal sarcasm dataset (MORE) proposed by ”Desai et al. (2022)
[7]7. The dataset initially consisted of 3510 instances. Each instance consisted of a
tuple (image, caption, explanation). To train our model on a large dataset, we extend
the dataset by annotating 2001 more instances. Thus the extended dataset has 5511
instances and is split into train, val, and test in the ratio 85:5:10. We also annotate the
target of ridicule for all the instances in the dataset. The annotation guidelines from
Desai et al. (2022) [7] is adopted in this study.

3.2 Target of Sarcasm

Sarcasm is characterized by a target of ridicule, which can be an object, action, or
other entity. In the case of multimodal sarcastic inputs, the target may be present in
the accompanying image or text, or it may not be present in either. To address this
challenge, we propose a task in which the target of ridicule in a given sarcastic input is
generated rather than identified in the image or text. We have annotated 5511 target
instances in the MORE dataset to facilitate this task. Each instance in the dataset
comprises an image, a caption, an explanation, and the corresponding target entity,
forming a tuple.

3.3 Dataset Statistics

The original and extended datasets are provided in Table 3.1 and Table 3.2, respectively.
The original dataset is split into train(2983), val(175), and test(352) in the ratio 85:5:10.

14



split | # of posts Caption Explanation
Avglength | |V] | Avglength | |V|
Train 4692 15.31 16459 11.99 9012
Val 266 14.87 1807 12.02 1239
Test 553 15.13 3374 11.87 2148
Total 5511 15.10 21640 11.96 12399
Table 3.1: Original Dataset Statistics
split | # of posts Caption Explanation Target
Avglength | |V] | Avglength | |V| | Avg.length | |V|
Train 4692 15.31 16459 11.99 9012 4.48 5108
Val 266 14.87 1807 12.02 1239 4.62 634
Test 553 15.13 3374 11.87 2148 4.73 1223
Total 5511 15.10 21640 11.96 12399 4.61 6965

The extended dataset is also split using the ratio 85:5:10 into train (4692), val(266) and
test(5511). The length of the explanation is not big, showing that the sarcastic input

Table 3.2: Extended Dataset Statistics

can be explained concisely.

3.4 Annotation

We adopt the annotation guidlines followed for the MORE dataset. The following are

the annotation guidlines:

e Non-Sarcastic posts are discarded.

e Sarcastic posts explicitly mentioning the word sarcasm are discarded.

e All entities, including images, captions, hashtags, emojis, Etc., are considered to
understand the underlying sarcasm and generate the appropriate explanation and

target.

e In the case of sarcasm being explained in multiple ways, a shorter and more precise

explanation is preferred.

e Target need not be bounded only to text or image.

15




Caption: awesome ! look @ all the taxis waiting to take arrival passengers home !
Explanation: there’s no taxi waiting to take arrival passengers home.
Target: no taxis for the passengers

Figure 3.1: Example of a sarcastic instance in the dataset

16



Chapter 4

Proposed Methodology

We propose a model architecture that generates explanations and targets from input
images and captions. Our model utilizes the CLIP transformer (Radford et al. (2021)
[23]) introduced to generate image embeddings and the BART encoder to generate
caption and target embeddings. Additionally, we initialize the explanations and targets
to "none” and generate their embeddings using the BART encoder. Using the BART
encoder, we join the caption and target using the separator token jsep, and convert the
concatenated sequence to embeddings. Similarly, we join the caption and explanation
using jsep;, and convert the concatenated sequence to embeddings using the BART
encoder. We use word2vec embeddings trained on the ConceptNet graph (Speer et al.
2017 [26]) to introduce knowledge into the model.

Our model architecture comprises two modules: the explanation and the target
modules. We feed the image embeddings, target embeddings, and the joint caption
and target embeddings into the explanation module. In contrast, we feed the image
embeddings, explanation embeddings, and joint caption and explanation embeddings
into the target module. We fuse these embeddings using the multi-head attention
module. The output of the explanation module’s explanation is fed back to the target
module, image embeddings, and caption embeddings, and vice versa.

4.1 Image Encoder

We use CLIP (Contrastive Language-Image Pretraining) model [23] as image encoder.
The input image is passed to the CLIP model and its last hidden state is considered
as the image representation ( [ € R?*? ). Here q is the sequence length and d is the
hidden size of the layer.

17



Explanation Module
Multi Head
Attention
Module
R1
Target Multi Head Explanation Generated . cf:;’fé‘:“:z”
Attention Decoder Explanation Loss %
awesome ! look @ all the taxis waiting to take > Module cr -
arrival passengers home ! (Caption) Conceptnet Multi Head :
<sep> Generated Target Attention :
Module T GT Explanation: there's
LOSS : Explanation Loss no taxi waiting to take
awesome ! look @ all the taxis waiting to take +R2 arrival passengers home.
arrival passengers home ! (Caption) )
<sep> Generated Target
Target Module
Multi Head
Attention
Module
R2
Explanation I e Target Generated | Target Cross
Attention Decoder Target Entropy Loss.
Module cr { J
awesome ! look @ all the taxis waiting to take Multi Head T
| »arrival passengers home ! (Caption) Attention : H
<sep> Generated Explanation Module :
: GT Target: no taxis for
passengers.
N X LOSS : Target Loss + R1
awesome ! look @ all the taxis waiting to take arrival °
L »passengers home ! (Caption) BART °
<sep> Generated Explanation VJ

Figure 4.1: Architecture of TExMoret

4.2 Text Encoder

We use BART Encoder as the text encoder. The input caption, generated target
and generated explanation are passed through BART Encoder to get their respective
representations (7' € RP*'). Here p represents the number of tokens in the text input
and t represents the dimension of each token representation.

4.3 Conceptnet

ConceptNet is a knowledge graph that represents general knowledge and common sense
about the world in a machine-readable format. It is designed to support natural lan-
guage understanding and reasoning tasks by providing a network of concepts and their
relationships.We provide commonsense to the model by converting each token in the
text input into the Conceptnet based word2vec embeddings.

18



4.4 Explanation Module

The explanation module consists of three components. The first component is the
fusion of image and target embeddings using the multi-head attention module. The
second component fuses the BART and ConceptNet-based word2vec embeddings of the
concatenated caption and target sequence. The third component takes the output of
the first and second components and generates a fused embedding using multi-head
attention. The output embedding is concatenated with the BART embedding of the
concatenated caption and target sequence and provided to the BART decoder to gen-
erate explanations.

4.5 Target Module

Similarly, the target module has three components. The first component is the fusion of
image and explanation embeddings using the multi-head attention module. The second
component fuses the BART and ConceptNet-based word2vec embeddings of the con-
catenated caption and explanation sequence. The third component generates a fused
embedding using multi-head attention, taking the output of the first and second com-
ponents as input. The output embedding is concatenated with the BART embedding of
the concatenated caption and explanation sequence and provided to the BART decoder
to generate targets.

4.6 Multi Head Attention Module

We employ the multi-head attention module that Vaswani et al. (2017) introduced,
where the Query and Key vectors’ scaled dot product are performed and multiplied
with the Value vector. We apply this attention over multiple heads, where the image
embeddings are the Value and Key vectors, and the target and caption embeddings are
the Query vectors.

Attention(Q, K, V) = softmaz(QK™ /d*)V (4.1)

4.7 Fully Connected Layer

We use a 2-layered fully connected feed forward network with a ReLLU activation. Both
the layers used are of size 2048.

19



Softmax{QK™/d")

/

Value Key Query

Multi Head Attention Module

Figure 4.2: Multi Head Attention Module

4.8 Explanation Decoder

In our approach, we employ the BART Decoder to generate explanations and targets.
To create the final encoder representation, we concatenate the output from the Expla-
nation module (d) with the caption representation. This encoder representation (Dr)
is then provided to the BART Decoder, along with the decoder inputs. Through an
autoregressive process, the BART Decoder generates explanations and targets.

4.9 Intuition of the Proposed Methodology

We adopt the intuition that providing a target helps the model generate proper expla-
nations, and providing an explanation helps the model generate proper targets for the
sarcastic input. To implement this intuition, we return the generated explanations and
the target to the model so that the model learns to generate better explanations and
targets.

20



Chapter 5

Results

5.1 Experimental Setup

We conducted experiments on the MORE dataset and partitioned it into 85% for train-
ing (4692 samples), 5% for validation (266 samples), and 10% for testing (553 samples).
To evaluate the generated explanations, we utilized a range of standard metrics, includ-
ing BLEU (B1, B2, B3, and B4), ROUGE (R1, R2, and RL), METEOR, BERTScore
(Zhang et al., 2020), and SentBERT. SentBERT is a BERT-based model that com-
putes the cosine similarity between the reference and generated explanations in the
Sentence-BERT embedding space, which measures their semantic closeness.

5.2 Hyperparameters:

We employ BART (Lewis et al. 2020 [15]) tokenizer with maximum token length as 256.
We employ CLIP ( Radford et al. (2021) [23] ) as image encoder and Conceptnet based
word2vec embeddings. We use AdamW (Loshchilov and Hutter 2017 [17]) optimizer
with learning rate of le-5 for both the cross-modal encoders and 3e-4 for the LM head
of decoder. We train TExMoret for 40 epochs with batch size = 8. During training, the
cross-entropy loss is monitored over the validation set with image encoder in a frozen
state.

5.3 Baselines:

We adopt the same baselines used in 'Desai et al. (2022) [7]’ and train them on the
extended dataset.

21



5.3.1 Text Based:

We employ transformer [27] and pointer-generator networks [25] as text based baselines
for generating explanations and targets. Both these baselines have used in summariza-
tion tasks and only use text modality as input.

5.3.2 Text and Image Based:

We adopt the multimodal transformer introduced by Yao and Wan, 2020 [31] for the
task of multimodal machine translation as one of the baseline. We adopt the ExMore
model proposed by ”Desai et al. (2022) [7]” as the baseline for our sarcasm explanation
task. To generate targets for the task of target generation, we employ the architecture
of ExMore to generate targets and use it as our baseline model.

5.4 Evaluation Metrics

We employ BLEU-1, BLEU-2, BLEU-3, BLEU-4, ROUGE-1, ROUGE-2, ROUGE-L,
METEOR, BertScore and cosine similarity between the sentence level embeddings of
the ground truth and generated output. The cosine similarity shows how contextually
similar the generated output and the ground truth are.

5.5 Loss:

We use the cross-entropy loss function to measure the difference between the predicted
and actual probability distributions. The explanation loss is the cross-entropy loss be-
tween the predicted logits of the explanation module and the target 1Ds of the ground
truth explanation. Similarly, the target loss is the cross-entropy loss between the pre-
dicted logits of the target module and the ground truth target of ridicule target IDs.
To reinforce the explanation loss of the explanation module, we add the target loss, and
to reinforce the target loss of the target module, we add the explanation loss.

EL = EL + Ty, (Ry)
TL = TL + EL (Rl)

Where Ej, = Explanation loss and 71, = Target Loss
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R1 and R2 are the reinforced target and explanation losses respectively.

Model BLEU Rogue METEOR BERT-Score Sent-BERT (Cosine)
Bl B2 B3 B4 R1 R2 RL Pre Rec F1
Transformer 1431 | 64 3.9 2.3 | 21.22 | 837 |20.12 17.71 84.7 | 85.2 | 84.94 53.1
Pointer Generator Networks | 21.46 | 8.96 3.9 2.3 | 2214 | 848 | 209 22.79 85.51 | 86.35 | 85.92 52.8
M-Transf 17.53 | 8.36 4.1 12672629 | 894 |23.71 23.12 87.81 | 87.1 | 87.42 54.72
ExMore 23.27 | 14.37 | 8.34 | 5.06 | 32.05 | 15.94 | 29.96 28.62 89.1 | 88.0 | 88.5 59.93
TExMoret 27.75 | 18.03 | 10.65 | 6.75 | 37.44 | 19.67 | 34.91 33.79 89.5 | 88.8 | 89.1 62.79

Table 5.1: Evaluation metrics for ExMore and TExMoret models for sarcasm explana-
tion

Model BLEU Rogue METEOR BERT-Score Sent-BERT (Cosine)
Bl B2 | B3 B4 R1 R2 RL Pre Rec F1
Transformer 449 1093 |0.11 | 0.031 | 12.13 | 1.99 | 9.81 11.23 81.70 | 81.11 | 81.4 41.87
Pointer Generator Networks | 9.58 | 1.79 | 0.69 | 0.088 | 12.17 | 2.06 | 12.07 14.99 82.29 | 81.9 | 82.09 40.39
M-Transf 7.46 | 1.93 | 0.74 | 0.093 | 14.57 | 2.34 | 14.19 13.68 83.35 | 82.97 | 83.16 42.66
ExMore 11271 46 | 1.8 | 0.31 | 19.69 | 7.74 | 19.52 15.9 85.3 | 84.6 | 84.94 46.22
TExMoret 14.21 1 6.08 | 2.84 | 0.94 | 22.65 | 9.49 | 22.20 16.98 86.4 | 85.6 | 86.0 48.79

Table 5.2: Evaluation metrics for ExMore and TExMoret models for sarcasm target
generation

5.6 Experimental Results

Table 5.1 shows the comparison of our model (TExMoret) with the baselines for sar-
casm explanation. From Table 5.1 we can see that TExMoret outperforms our best
baseline model ExMore across all the evaluation metrics. We obtain BLEU scores of
27.75(+4.48), 18.03 (+3.66), 10.65 (+2.31), 6.75 (4+1.69) for B1, B2, B3 and B4 re-
spectively. Similarly we obtain Rouge scores of 37.44 (+5.39), 19.67 (+3.73), 34.91
(+4.95) for R1, R2 and RL respectively. Similarly we see improved scores in metrics
such as METEOR and BERT-Score. We obtain a cosine similarity of 62.79 (42.86)
using SentBERT showing that explanation generated by our model has better context.

Similarly from Table 5.2 shows the comparison of our model (TExMoret) with the

Model POS tags
Noun | Verb | Adjective | Adverb
Ref Count 3.46 | 1.39 1.14 0.57
ExMore Gen count 3.02 | 0.87 0.95 0.36
TExMoret Gen count | 3.51 | 1.08 0.85 0.31

Table 5.3: Counts of POS Tags for ExMore and TExMoret generated explanations
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Model BLEU Rogue METEOR BERT-Score Sent-BERT (Cosine)
Bl B2 B3 | B4 R1 R2 RL Pre | Rec F1
Explanation | 24.46 | 15.77 | 9.64 | 6.22 | 34.88 | 17.85 | 32.67 31.16 89.3 | 88.5 | 88.89 61.33
Target 13.7 5.4 22| 0.6 |20.25 | 832 | 21.12 16.3 85.9 | 85.03 | 85.54 47.94

Table 5.4: Evaluation metrics for alternate version of TExMoret models for explanations
and targets generation

baselines. It can be seen that TExMoret outperforms our best baseline model Ex-
More across all the evaluation metrics. We obtain BLEU scores of 14.21(+2.94), 6.08
(+1.48), 2.84 (4+1.04), 0.94 (40.63) for B1, B2, B3 and B4 respectively. Similarly we
obtain Rouge scores of 22.65 (+2.96), 9.49 (+2.05), 22.20 (42.68) for R1, R2 and RL
respectively. Similarly we see improved scores in metrics such as METEOR and BERT-
Score. We obtain a cosine similarity of 48.79 (+2.57) using SentBERT showing that
explanation generated by our model also has better context.

5.7 Ablation study

In our experimentation, we have developed an alternative version of TExMoret that
does not incorporate targets and explanations as input. Our evaluation, as shown in
Table 5.4, indicates that this new version of TExMoret exhibits lower performance
when compared to our original model. This observation underscores the importance
of incorporating a suitable target for enhancing sarcasm explanation and providing an
appropriate explanation for improving the sarcasm target generation.

5.8 Result Analysis

In this section, we conduct a linguistic analysis of the generated explanations by com-
paring them based on four content parts-of-speech (POS) tags: noun, verb, adjective,
and adverb. Since POS tags convey the semantics of sentences, comparing their fre-
quency in the generated (Gen) and reference (Ref) explanations can offer valuable
insights into their semantic context. The average counts of the POS tags over the test
set are presented in Table 5.3. The findings indicate that TExMoret performs similarly
to the reference counts in two of the four POS tags, whereas EXMORE performs worse
than the reference counts in all four POS tags.
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Model Adequacy (Explanation) | Fluency(Explanation) | Adequacy(Target)
EXMORE 0.58 4.12 0.43
TExMoret 0.67 4.42 0.54

Table 5.5: : Adequacy and Fluency of explanations by ExMore and TExMoret

5.9 Human Evaluation

We conduct human evaluations to assess the quality of the generated explanations
and targets and follow evaluation used in 'Desai et al. (2022) [7]’. We sample 50
instances from the test dataset and provide them to 25 evaluators with the generated
explanation and target of EXMORE and TExMoret. The evaluators rate the output
usng two metrics - adequacy and fluency. Adequacy represents the appropriateness
of the generated output whereas fluency represents the consistency of the generated
output in English. For adequacy the human evaluators are given for choices - justify,
weakly justify, somewhat related to input (SRI) and not related to input (NRI). Justify
represents the high similarity between the generated explanation or target with their
respective ground truth. In case of explanation, weak justify represents explanation
which give semantic incongruence but does not explain the sarcastic nature whereas in
case of target it represents target is good but not perfect. SRI represents the explanation
and target with words strongly related to input where NRI represents no relation to
the input.

We assign a score of 1.0 to justify, 0.66 to weakly justify, 0.33 to SRI, and 0.0 to
NRI samples. Evaluators rate fluency of the generated explanation on the discrete scale
of [1,5]. We don’t rate fluency for the generated target as the number of tokens in the
target are very less. Table 5.5 presents the summary of human evaluation in form of
adequacy and fluency scores. From Table 5.5, we observe that the evaluators showed
more confidence in the explanation of TExMoret than ExMore for both adequacy (0.69
vs 0.37) and fluency (0.67 vs 0.58) metrics. Similarly, the evaluators showed more
confidence in target of TExMoret than ExMore.

To compute the adequacy rating distribution, we adopt the majority-voting ap-
proach across evaluators to select the adequacy class. The results are shown in Table
5.6. We observe a significant percentage of samples fall under the justify or weakly jus-
tify categories for TExMoret. In contrast, most of the samples belong to the SRI and
NRI categories for EXMORE. It further strengthens our claim that TExMoret yields
better explanation and target than all baselines.
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GT Explanation: the au-
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such low download speed.

Pred Explanation: the au-
thor is pissed at <user>for
such terrible speed

GT Target:
download speed

<user>low

Pred Target: slow internet
speed

Caption: i would like to
personally thank <user>for
being the best company out
there . this makes 17/18 bad

experiences . solid record .

GT Explanation: the au-
thor is pissed at<user>for
such bad packaging.

Pred Explanation: the au-

thor is pissed at <user>for
being such terrible customer
service.

GT Target: <user>’s bad
packaging

Pred Target: <user>’s
bad customer service

Caption: really enjoying
the atmfcb game tonight
<user>

GT Explanation: the au-
thor can’t enjoy the atmfcb
game tonight because of such
disturbance.

Pred Explanation: the au-
thor is pissed at <user>for
such a game.

GT Target: disturbance in
the channel

Pred Target: bad quality
of the game
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, guys.

Ground Truth: these are
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out of the slots.
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the people
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Figure 5.1: Examples of Adequacy Ratings (Justify, Weakly Justify, Relatedto Input,
Not Related to Input) for explanations from left to right respectively.

Model Adequacy Rating
Justify | Weakly Justify | Strongly related to Input | Nout related to Input
ExMore 50% 10% 30% 10%
TExMoret | 60% 10% 25% 5%

Table 5.6: Adequacy rating distribution
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Chapter 6

Conclusion

Based on our experimental results and analyses, our proposed model TExMoret out-
performs the baseline models and achieves state-of-the-art performance on the sarcasm
target generation and explanation tasks. The performance improvement can be at-
tributed to incorporating targets, explanations, and common sense, in our models.
Overall, our work contributes to the advancement of sarcasm understanding in natu-
ral language processing and provides insights into the importance of explanation and
targets in sarcasm analysis. Future work can focus on improving the semantic-level
analysis of generated explanations and exploring the potential of incorporating other
forms of contextual information in sarcasm interpretation.
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