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Abstract


Sarcasm detection in text poses significant challenges for traditional sentiment analysis, as it often requires an understanding of context, word meanings, and emotional undertones. For example, in the sentence “I totally love working on Christmas holiday”, detecting sarcasm depends on capturing the contrast between affective words and their context. Existing methods often focus on single-embedding levels, such as word-level or affective-level, neglecting the importance of multi-level context. In this paper, we propose SAWE (Sentence, Affect, and Word Embeddings), a framework that combines sentence-level, affect-level, and context-dependent word embeddings to improve sarcasm detection. We use pre-trained transformer models SBERT and RoBERTa, enhanced with a bidirectional GRU and self-attention, alongside SenticNet to extract affective words. The combined embeddings are processed through a CNN and classified using a multilayer perceptron (MLP). SAWE is evaluated on two benchmark datasets, Sarcasm Corpus V2 (SV2) and Self-Annotated Reddit Corpus 2.0 (SARC 2.0), outperforming previous methods, particularly on long texts, with a 4.2% improvement on F1-Score for SV2. Our results emphasize the importance of multi-level embeddings and contextual information in detecting sarcasm, demonstrating a new direction for future research.
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1. Introduction


Sentiment analysis is a well-researched area of natural language processing (NLP). It is used to determine the polarity of a statement and has been present in various applications such as product analytics and opinion mining to better understand their target audience. Reviews and commentary on social media platforms like Twitter, YouTube, and Reddit present an information-rich multimedia resource to be tapped into, especially in the current era of frequent technological use and advancement.



The issue with trying to determine sentiment using opinions from social media is the popular usage of figurative language such as irony and sarcasm, used to gain traction and virality [1]. In current literature, the usage of ‘sarcasm’ and ‘irony’ are generally interchangeable and are widely acceptable to be conflated together as there is no clear definition in the NLP research community [2]. When a user expresses an opinion with sarcasm, they often use words that contradict their actual sentiment. This poses a challenge for sentiment analysis as the sentiment of a sarcastic text is no longer as direct. This hidden meaning, also typically referred to as incongruity, adds a complex layer of difficulty. This impedes the accuracy of text classification as the nuance of the text is not fully captured and increases the risk of misclassification of a truly negative statement as a positive one. With the rising popularity of using such figurative language, there is, thus, an increasing need for techniques that can distinguish implicit sentiment incongruity.



Automatic sarcasm detection has recently been popular in the NLP and machine learning domains. Sarcasm detection is commonly approached as a binary classification task, although there are works that consider the task to be a multiclass classification [3,4,5]. Sarcasm detection methods range from purely text-based to considering other aspects such as user representations [6,7], mulitmodalities such as visual and acoustic [8,9,10,11], and cognitive features [12,13,14]. We will not go into detail about these works as our study focuses on text-based sarcasm detection with semantic and contextual information.



Early works of text-based sarcasm detection relied heavily on rules based on domain experts’ knowledge or lexical patterns [15,16]. For example, a widely accepted indicator of sarcasm is the contradiction of a positive sentiment and negative situation [17]. Following this, researchers have found that sarcasm has a correlation with implied negative sentiment [18,19]. Unfortunately, these approaches rely on fixed patterns and are restricted to niche domains, making it inflexible to identify more complex sarcastic cues.



More recent research in this field has, thus, shifted from rule-based approaches to feature-based methods. In particular, deep learning-based approaches have gained immense popularity and many models have been proposed for sarcasm detection. Ref. [20] provides an excellent summary of existing automatic sarcasm detection methods. They classify current methods into three categories: sentiment-based, commonsense knowledge-based, and incongruity-based, and identify common features of sarcasm at lexicon, syntax, semantic, and context levels. Our work heavily involves features that are influenced by works that are sentiment-based and incongruity-based and uses word-level and sentence-level embeddings, hence, that will be the focus of our literature review in the following chapter.



In this paper, we propose a novel framework using different levels of embeddings—word, sentence, and affective—to obtain contextual and affective features to detect sarcasm in text. Our work was largely inspired by two works [21,22]. The differences between their work and ours have been listed below:




	
The work by [21] captures emotion, sentiment, context, and sarcasm-related features. Our work captures context features using word and sentence embeddings, and affective features with affective embeddings.



	
Ref. [21] capture context features using CNN. The input text is tokenized using the nltk library. The text representation after CNN is passed through a Fully Connected (FC) Network. In this work, the context features are captured by a hybrid model consisting of a pretrained RoBERTa model that had been previously trained on Twitter sentiment analysis and two layers of Bidirectional GRU (Bi-GRU) with self-attention. The idea behind using the pretrained RoBERTa was to use sentiment analysis as an intermediate task for sarcasm detection, to better capture context features.



	
Ref. [21] use two pretrained transformers (EmoDPTT, SentAPTT) as feature extractors. These transformers were trained on emotion detection and sentiment analysis tasks, respectively. To our understanding, ref. [21] only uses word embeddings but not sentence embeddings or affective embeddings. The use of EmoDPTT and SentAPTT could be equivalent in concept to the affective embeddings. However, in our work, that was calculated differently which was inspired by [22].



	
This work differs from [22] as we used SenticNet’s affective dimensions and elementwise addition instead of EmoLex and elementwise multiplication.



	
In this work, we employed the use of a CNN to extract meaningful information from concatenated embeddings. This CNN has a similar architecture to that of [21] for their context features extraction. The output of our CNN was then passed through an MLP with softmax layer for prediction.








The main contributions of our work are as follows:




	
We present a novel framework of using different embeddings (word, sentence, and affective) to obtain contextual and affective features to detect sarcasm in text. Our method achieves a fairly competitive performance in two benchmark datasets.



	
We introduce a novel algorithm that leverages on SenticNet to form the affective embeddings for the model. To the best of our knowledge, there has been no attempt to utilize the affective dimensions provided by SenticNet in the exact manner as we have.








This paper is structured into seven sections. In Section 1, we introduce the topic of sarcasm detection, emphasizing its importance in fields like sentiment analysis. We provide an overview of our methodology and contributions. Section 2 reviews and compares existing research in sarcasm detection, covering subcategories such as embeddings, modeling incongruity, context, and transfer learning. Section 3 introduces foundational concepts relevant to sarcasm detection, including embeddings, pre-trained language models, transfer learning, and convolutional neural networks, to enhance the understanding of our approach. In Section 4, we outline our research methodology in detail, describing each step of our framework from data preprocessing to the final classifier, while highlighting the influence of previous works. Section 5 presents and discusses our experimental results, comparing them with baseline models on two benchmark datasets. Section 6 offers insights from our ablation study on the impact of different embeddings on the framework’s performance. Finally, Section 7 concludes the paper, summarizing our findings and suggesting directions for future research.




2. Related Works


In this section, we review existing research in the field of sarcasm detection with a focus on text-based methods. We broadly categorize the reviewed literature into embeddings, modelling incongruity, context, and transfer learning. These main categories lead to the conceptualization of our methodology. For each category, we compare and contrast the strengths and weaknesses of the existing methods.



2.1. Embeddings


2.1.1. Word Embeddings


Word embedding is a fundamental technique used in NLP to represent words as a continuous value vector in a fixed-dimensional space, capturing its semantic information such that semantically similar words will be grouped closer together and, thus, have similar embeddings. Ref. [23] showcases the benefits of using word embeddings as features for sarcasm detection.



While word embeddings have excellent vocabulary coverage from being trained on large text corpora, they usually only contain contextual information and ignore affective information. For example, Word2Vec and GloVe are popular methods to obtain word embeddings. Word2Vec creates word embeddings using predictions based on the surrounding context about an individual target word. It uses Skip-gram or Continuous Bag-of-Words (CBOW). On the other hand, GloVe creates word embeddings using global statistical information on the entire corpus of words. It uses a co-occurrence matrix of word pairs to obtain more nuanced embeddings. However, both methods still classify words that have opposite sentiment polarity as semantically similar [22,24], which is not ideal for sentiment analysis, much less sarcasm detection [7].



To solve this issue, existing works have suggested using sentiment embeddings and embedding refinements. The work of [25] extends the Continuous Bag-of-Words (CBOW) architecture to learn sentiment-specific word embeddings and averages the embeddings with a sentiment-dependent regularization to obtain a global sentiment representation. Their architecture is applicable to sentence-level and word-level texts.



Similarly, ref. [26] proposed the model of Continuous Sentiment Contextualized Vectors (CSCV) that also extends CBOW to leverage context and sentiment ratings to ensure semantically similar words are closer to each other in the vector space. They use SentiWordNet [27], SenticNet [28], and Valence Aware Dictionary for Sentiment Reasoning (VADER) [29] lexicons to obtain sentiment polarity.



At the sentence level, since the work of [30], convolutional networks (CNN) have been popularized for sentence-level classification tasks [14,31,32]. However, there have not been many works that explicitly mention the use of sentence-level embeddings.




2.1.2. Affective Embeddings


Alternatively, there have also been studies using affective information from sources such as WordNet Affect [33], NRC EmoLex [34], and SenticNet to enhance word embeddings. Affective information can include sentiment polarity, individual emotion scores such as anger, fear, or sadness [22], or emotion intensity [26]. Researchers can leverage these resources to imbue their models with affective embeddings [35]. This way, we can obtain sentiment-rich word representations for downstream tasks. Ref. [22] proposes two models for sarcasm detection—ACE 1 and ACE 2. Both models are modified versions of BERT with an affective feature embedding layer added in. The affective feature embedding is extracted from sentences using NRC Emotion Intensity Lexicon [36] and NRC Emotion Lexicon (EmoLex) with two different novel algorithms. Their findings highlighted that incorporating affecting features during training greatly improves model performance for sarcasm detection.



Similarly, ref. [35] proposed Affective Word Embeddings for Sarcasm (AWES) framework to bridge affective knowledge and word representations together, experimenting with sentiment and emotion. They use EmoLex, SentiWordNet, and WordNetAffect as the training corpora for affective representations to be learnt by a BiLSTM. While their model falls short on short texts but do well on long texts, they also found that sarcasm detection on short texts can benefit by leveraging on the contrast between positive sentiment in negative situations, in line with [17]. They highlight that the choice of affect model, sentiment or emotion, likely affects the model performance rather than the domain of the training corpus.



In addition to the intensity of emotions, incorporating commonsense knowledge has also shown improvements in model performance [37,38,39]. The most commonly used knowledge base is ConceptNet which represents general human knowledge as a graph [40]. Ref. [38] uses a COMET model fine-tuned on ConceptNet [41] to generate commonsense that is processed by a BERT-based model using novel algorithms for feature selection.



The main drawback of using an affective resource is the size of its lexicon or knowledge base. If the sentiment word does not appear in the affective lexicon, the sentiment of the word may be considered to be neutral, and this will not be meaningfully used in sarcasm detection.





2.2. Pre-Trained Language Models for Contextual Embeddings


The issue with these traditional methods is that the single static embedding for each word may not adapt to the context that changes the sentiment of the sentence. To tackle this issue, certain works utilize pretrained language models (LMs) such as ELMo, BERT [42], and RoBERTa [43] or sequential neural networks like LSTM and GRUs [44,45]. These models create different word embeddings for a word depending on its context in a sentence and are, thus, context-dependent. Ref. [46] uses the BERT architecture to contextualize Word2Vec word embeddings to obtain in-domain representation. Ref. [47] proposed a RCNN-RoBERTa methodology for sarcasm detection in social media by concatenating the pre-trained embeddings from RoBERTa with a Bi-LSTM output as input to a recurrent convolutional neural network. Ref. [48] proposed using BiLSTM with ELMo word embeddings to detect sarcasm at a character level to leverage morpho-syntactic cues based on the findings of [49,50].



Different from using transformers, ref. [45] utilizes a two-layer GRU and multi-task learning at word and sentence levels to combine semantic and sentiment information to create contextual sentiment embeddings. To deal with out-of-vocabulary words, they used a WordPiece tokenizer to create subword embeddings which break down words into subword pieces in order to not lose emotional information from the subword pieces. This ability enables their model to outperform previous works.



The drawback behind these methods above is that they lack the affect-specific features we have identified earlier. From this literature review, we, thus, formulate the idea that a combination of both features would likely improve model performance in sarcasm detection.



Combining Embeddings


Recent studies have attempted to leverage the strength of both features to enhance sarcasm detection, which is in line with the focus of our study. Ref. [51] propose a neural network architecture that couples LSTM-fused fine-tuned word embeddings and four transformer model (GloVe, ELMo, BERT, Flair) embeddings for the effective representation of textual contexts to efficiently detect irony. Ref. [52] introduced DeepMoji by training a Bi-LSTM model with millions of emojis to capture emotional contexts. Ref. [53] developed pre-trained sentiment, emotion, and personality models for sarcasm detection. Ref. [54] uses encoded representations from BERT combined with dependency and adjacency graphs that are generated and informed with SenticNet.



Ref. [55] proposed the model MvAttLSTM which is an attentive-LSTM informed by three different perspectives: linguistic containing affective features based on BabelSenticNet, task-dependent embeddings from BERT, and task-independent embeddings from Universal Sentence Encoder [56] for each piece of text. This multi-view aspect of their work is similar to ours, although our perspectives are based on word and sentence-level embeddings which are both task and context-dependent and with a different way of calculating the affective features. Additionally, we used the outputs of RoBERTa as input to the BiGRU layer instead of using the embeddings directly.





2.3. Modelling Incongruity


To model incongruity information within a given piece of text, many studies use attention mechanisms to explore contradicting and shifts in sentiment in the sentence [57,58,59]. For example, ref. [58] introduces the SMSD-BiLSTM model that uses co-attention to learn semantic word–word relationships and combines with sentence-level representation encoded by the Bi-LSTM. This is especially so when important sarcastic cues can appear at any position in the sentence, stressing the importance of the use of the attention mechanism to capture these important parts [60].



Ref. [57] proposed a multi-dimension intra-attention mechanism to capture words’ incongruities for sarcasm detection. They introduce self-attention to capture word–word relationships and long-range dependencies and found that attention improves performance for long text sequences. Additionally, they found that complex word–word relationships can be learned using multi-dimensional values rather than single-dimensional ones.



Alternatively, ref. [61] proposes the convolutional model Self-Attention of Weighted Snippets (SAWS) that detects sarcasm by capturing sentence snippet incongruity, using snippet-level self-attention and a weighted mechanism. The weights are based on the importance of each snippet such that snippets that contribute more to the sarcasm incongruity are weighted more. Their model outperformed baseline models by about 2% to 4%.



In our work, we attempt to incorporate an incongruity-based perspective via self-attention and sentiment-based via affective embeddings into a singular framework. We also use word-level and sentence-level embeddings to capture the contextual features of a given input text.




2.4. Context


Multiple works have stressed the importance of context in sarcasm detection, especially in the social media domain [62,63,64,65]. Sarcasm is generally implicit and this adds a layer of complexity to the detection task. It is difficult to detect, even for humans, without an understanding of context. Sarcasm is more often than not heavily reliant on context and is domain-specific. Current studies rely on rule-based methods and explicit cues to classify if a statement is sarcastic or not, such as the use of positive words in negative situations [21]. These cases are termed explicit incongruity [66] and may, thus, overlook the hidden nuances present in statements where explicit indicators are absent.



There are multiple suggested ways of adding contextual information such as modelling conversation context [67] or from external sources [68]. The authors of [68] propose a neural network model that uses contextual information extracted from an external source such as Wikipedia. They do this by using the original text as candidates to pick the most relevant context from the external sources based on BERTScore. Even though relevant texts were selected, the authors also acknowledged that it may not provide sufficient hints for the model without linguistic knowledge and a well-designed selection algorithm. This highlights the complementary combined effect of contextual knowledge and linguistic rules in sarcasm detection. This study demonstrates that incorporating knowledge from external sources can increase the model’s semantic understanding.




2.5. Transfer Learning


Transfer learning has been a widely used technique given the variety of readily and publicly available pretrained models that have been trained on large amounts of training data [66,69] and that can be fine-tuned for downstream tasks such as sarcasm detection. Taking advantage of transfer learning can help to improve performance [11] while saving computational resources and time investment since training models from scratch is often resource-intensive.



As explained by [66], transfer learning is a method that utilizes the advantages of prior knowledge from solving a previous problem to solve subsequent ones. This alleviates the issue of limited resources, which is a predicament faced in sarcasm detection where quality datasets are much smaller in size in comparison to general datasets used in other aspects of sentiment analysis. Additionally, utilizing prior knowledge to solve other problems provides a way for the model to pick up context and domain knowledge. The study also affirms that transferring deep sentiment features from underlying patterns is most effective for detecting implicit incongruity.



Ref. [19] takes it a step further and fine-tunes a model based on Bidirectional Encoder Representations from Transformers (BERT), on related intermediate tasks (sentiment analysis and emotion detection) before fine-tuning on the target task. Their results showcased that this intermediate task transfer-learning outperforms previous models, implying that using related source domains such as sentiment analysis can aid in the target domain. This is in agreement with a few other studies [18,70], the latter even emphasizing that sentiment classification and sarcasm detection are correlated tasks and can mutually benefit from each other.



Later, the authors of [21] extended this method by using the models that were fine-tuned on the intermediate tasks as feature extractors in their framework. Their method is centered around using different representations of texts to uncover underlying patterns, using four different feature blocks (sarcasm, emotion, sentiment, and context). A major drawback of their method is that they simply combined the outputs of all the text representations to the final output layer for prediction, without consideration of which feature should hold more weight for the final target task.





3. Relevant Concepts in Sarcasm Detection


In this section, we briefly explain important topics used in sarcasm detection research to deepen the understanding of our work.



3.1. Embeddings


Embeddings are used to represent text in a continuous, numerical vector space. They are a fundamental part of NLP processes and applications like text classification, acting as features representative of the input text. They can capture semantic meaning, such that words with similar common meanings are grouped closer together in the vector space and result in similar embeddings. Word embeddings usually represent individual words as vectors. They capture relationships between individual words. Popular methods in creating word embeddings include Word2Vec and GloVe.



Sentence embeddings represent the whole sentence and consider the entire sentence rather than individual words. Popular methods to obtain sentence embeddings are Universal Sentence Encoder (USE) or Bidirectional Encoder Representations from Transformers (BERT). Sentence embeddings are usually trained on tasks that require the understanding of relationships between sentences such as in document classification or sentence similarities.



Affective embeddings try to address the limitation of word embeddings where words with opposite sentiment polarity are classified as similar. For example, “good” and “bad” are considered similar, but they represent very different feelings. Affective embeddings are sometimes referred to as sentiment embeddings. Affective information can be taken from resources and lexicons such as WordNet Affect, EmoLex, and SenticNet.




3.2. Pre-Trained Language Models


Given the rising popularity of the NLP research field, there have been a number of publicly available pre-trained language models (LMs). These models have been previously trained on large and vast datasets, meaning that they have already learned some general representations of the human language. Popular pre-trained LMs include transformers like BERT and RoBERTa, which is an optimized version of BERT and trained on more data than the original BERT. Using pre-trained LMs brings multiple benefits, primarily reducing the need for large-labeled datasets for specific tasks. This is particularly useful in sarcasm detection as this research field has very limited task-specific labeled datasets.




3.3. Transfer Learning


Transfer learning is a machine learning technique where a model that has been developed for another task is reused and fine-tuned for a secondary task. The secondary task is usually related to the first task, such as sentiment analysis and sarcasm detection. Transfer learning leverages the prior knowledge that a pre-trained LM has learnt from the previous training. This prior knowledge can then act as a feature for the current task. Improved performance and reduced training times are the main benefits of transfer learning. Similarly, transfer learning is also effective for tasks where there is limited data available.




3.4. Introduction to CNN


Convolutional neural networks (CNN) are deep learning models. Their architecture usually consists of multiple sequential layers to process and learn from the input data. CNNs are often used in image classification. However, there has been previous work that saw success in using CNN for text classification. This has been elaborated in Section 2. Generally, CNNs are made of convolutional layers which apply a sliding filter (kernel) over the input data and perform calculations to produce a feature map.



After each convolutional operation, activation functions such as Rectified Linear Unit (ReLU) can be applied to the model to introduce non-linearity. By doing so, it enables the model to generalize better when capturing more complex patterns in the data. ReLU causes the feature map values to only contain positive values, with previously negative pixel values replaced with zero. The last layers of CNNs are usually a fully connected (FC) layer where a linear transformation is applied to its input. Hence, FC layers are also known as linear layers. The final layer for a classification CNN is a softmax layer which outputs a class label probability distribution.





4. Methodology


Our study was inspired majorly by the works of [21,22]. Ref. [21] proposed a framework for using different text representations to detect sarcasm while the findings of the work done by [22] indicated that using affective and contextual embeddings improved performance in sarcasm detection. In our work we, thus, decided to investigate the use of combining different embeddings—word, affective, and sentence—to achieve the same target task. The overall framework is visualized in Figure 1.



4.1. Data Preprocessing


Due to the nature of the provided SARC 2.0 dataset, we followed the publicly available code written by the authors to transform it into a simplified version. For both datasets, we loaded the data using the pandas library and removed rows with empty values. For the class column, we mapped non-sarcastic samples to 0 and sarcastic samples to 1. To prepare the textual data for tokenization, we conducted the following preprocessing operations:




	
Replaced urls with a single whitespace



	
Replaced XML-escaped characters with a single whitespace. For the ampersand sign (&), we replace it with “and”.



	
Replaced mentions with a single whitespace



	
Replaced hashtags with a single whitespace



	
Reduced multiple whitespaces into a single whitespace








Emotions are converted into the corresponding unicode using the library unicodedata, then replaced with their corresponding unicode Common Locale Data Repository (CLDR) short names. If the CLDR name contained more than one word, i.e., “frowning face”, then the two words were joined together using an underscore: “frowning face”. We split the SV2 dataset into 80% training and 20% testing sets with stratification to ensure equal representation of class labels in each set. The original SARC data has already been split into training and testing subsets.




4.2. Sentence Embeddings Vector (S)


SBERT utilizes a siamese and triplet network architecture to obtain semantically meaningful sentence embeddings. The model takes a sentence as input and outputs a vector of embeddings containing captured semantic information within the sentence. These sentence embeddings can then be used in downstream tasks such as clustering or semantic searches. Following the success of Sentence-BERT (SBERT) [71], we employed the use of their pretrained model, all-MiniLM-L6-v2, in our framework to encode sentences. We chose to use this specific variant as it was fast and lightweight while providing good-quality performance. Additionally, the pretrained model had been finetuned on several training datasets and, thus, allowed us to leverage the transfer-learning of prior semantic information for our target task. The resulting sentence vector had a dimension of [batchsize, 384].



For example, given a piece of text, “abandon my aah”, our SBERT model will encode the sentence into embeddings and return the following tensor ([−1.5066 × 10−2, 5.9213 × 10−2,…, −6.3333 × 10−2, −3.1194 × 10−2]).




4.3. Affective Embeddings Vector (A)


4.3.1. Embeddings from SenticNet


SenticNet is a knowledge base that provides conceptual and affective information to enable machines to have a better and deeper interpretation of human emotions. Not only does SenticNet provide sentiment polarity and emotion detection, but it was also trained with commonsense knowledge to have a richer contextual understanding of texts. SenticNet is publicly available for download [72]. The embeddings from the latest English variant of SenticNet, SenticNet 8 [72], were used in this study. In the CSV file provided by SenticNet, the column headers include the concept name, affective dimensions (introspection, attitude, temper, and sensitivity), emotion labels (primary and secondary emotion), semantically similar words and sentiment polarity. The sentiment polarity scores ranged from [−1 to 1], with −1 representing negative sentiment and 1 representing positive sentiment. SenticNet provides large amounts of information, however, in our study, we chose to focus on the emotion labels built around four independent affective dimensions—introspection, attitude, temper, and sensitivity, in addition to the sentiment polarity score. We stored this simplified version of SenticNet in a dictionary with concept names as the key and the aforementioned information as the values.




4.3.2. Calculation of Affective Vectors


Given an input sentence, we first tokenized it in its lowercase form using the word tokenize function from the popular Python library nltk for natural language processing. To collect the affective words in a sentence, for each token, we compared it to the SenticNet dictionary and extracted its corresponding information from the dictionary. In the event that there are no matches found, a vector of zeroes is returned. The calculation of the affective vectors was inspired by the emotion affective intensity with the sentiment feature approach developed by [22]. In their work, they leverage the NRC Emotion Intensity Lexicon [36] and NRC Emotion Lexicon [34]. Their calculation involves element-wise multiplication of their feature vectors containing 4 emotions and 2 sentiments (anger, fear, sadness, joy, positive, negative) with a frequency of affective word vectors. Their sentiments are binary values, 0 and 1.



Our method differs in that our feature vectors are composed of introspection, temper, attitude, sensitivity, positive polarity score, and negative polarity score, where the sentiment scores can range from [−1 to 1]. We applied an element-wise addition to our vectors to preserve the magnitude of the sign and average it with the number of existing words before multiplying it with the frequency vector. For example, in the sentence “abandon my aah”, the feature vectors for each word are as follows:


Wabandon = (−0.329, 0, 0, 0, 0, −0.329),



(1)






Wmy = (0, 0, 0, 0, 0, 0),



(2)






Waah = (−0.514, 0, 0, 0, 0, −0.514)



(3)







After the elementwise addition, the resulting vector is (−0.843, 0, 0, 0, 0, −0.843). There are only 2 words from that sentence that exist in the SenticNet dictionary, and the resulting vector is, thus, divided by 2. The frequency vector is (2, 0, 0, 0, 0, 2) and the final affective vector is (−0.843, 0, 0, 0, 0, −0.843). The resulting dimensions of the returned tensor are [batchsize, 6].





4.4. Context-Dependent Word Embeddings Vector (WE)


4.4.1. RoBERTa Layer


The Robustly optimized BERT approach (RoBERTA) is an improved variant of Bidirectional Encoder Representations from Transformers (BERT) and has shown immense success in text classification tasks. The RoBERTa model we chose, cardiffnlp/twitter-roberta-base-sentimentlatest which is publicly available on HuggingFace, had been trained and fine-tuned for sentiment analysis on approximately 124 million tweets from 2018 to 2021 [73]. To leverage the benefits of intermediate task transfer learning where sentiment analysis is used as the auxiliary task, we froze all the layers except the last layer in the RoBERTa model to preserve the pretrained layer weights. To tokenize the text, we used the tokenizer from the pretrained model using the HuggingFace transformers library. The text is padded and truncated to max length, which is a hyperparameter we experimented with. More details can be found in Section 5.



The tokenized text is then fed into the pretrained model which provides deep contextual embeddings from the transformer layers and attention mechanisms to capture nuanced semantic relationships within the text. We extracted the features from the last hidden state to pass them into the BiGRU layer.




4.4.2. BiGRU with Self-Attention Layer


Bidirectional GRU (BiGRU) consists of 2 Gated Recurrent Units (GRU) running in parallel where one GRU processes the input sequence in a forward direction while the other processes the input sequence in a backward direction. By processing the sequence in both directions, past and future contexts can be captured which is essential for context-dependent tasks such as sarcasm detection. We added two BiGRU layers on top of our RoBERTa layer, creating a RoBERTa-BiGRU hybrid model. This approach complements and takes advantage of the strengths of both architectures in capturing different aspects of the text, allowing for better generalization and robustness. We applied a self-attention mechanism in our model to further enhance and refine the capturing of global context and long-range dependencies. Our resulting context-dependent word embedding vector was a tensor with dimensions [batchsize, 256], where our hidden dimensions were size 128. Using the same example for the text “abandon my aah”, the returned tensor would look like ([5.9108 × 10−1, −3.4041 × 10−1,…, 1.4299 × 10−1]).





4.5. Normalization and Concatenation of Vectors


We normalized the embeddings from the previous steps before concatenation (Figure 2). This ensures a balanced contribution for each model’s embeddings towards the final representation. While there are many ways of fusing features together, in this study we chose to use simple concatenation, following the works of [21,51]. It is a simple, computationally inexpensive approach that allows the stacking of diverse linguistic features from multiple models and creates a powerful vector representation. The resulting vector dimensions were [batchsize, 646] and the vector was fed into a CNN for further feature extraction.




4.6. Convolutional Neural Network and Multilayer Perceptron (CNN-MLP)


For our final classifier, we proceeded with a hybrid model of convolutional neural network (CNN) followed by a multilayer perceptron (MLP), a feedforward neural network, which has been widely used in the field of sentiment analysis. The model architecture is visualized in Figure 3. Our architecture extended the final classifier architecture used in the work of [21] by introducing two additional layers, with one layer having the Rectified Linear Unit (ReLU) activation function applied. This was to introduce non-linearity into the network to help the model learn more complex patterns about the data. The output of our CNN-MLP classifier was class probabilities for the given input sequence. We then used these logits to calculate the accuracy and F1-score.





5. Experimental Results and Discussions


5.1. Implementation Details


The experiments were conducted on a single Intelfi Core i7 and in a PyTorch version 2.2.1 environment. We employed an Adam optimizer with a Cross Entropy loss function. We implemented our model using the Pytorch Lightning API [74], version 1.4.0. We initialized all random states to 42 with the function seed everything. We chose to conduct batch sampling for more stable training. The hyperparameters we experimented empirically with were max length of texts {80, 256}, learning rate {1 × 10−3, 1 × 10−5}, number of epochs = {3, 5, 10} and batch size {32, 128, 256}. The best parameters were chosen based on model performance on the test dataset. We test our dataset on two benchmark datasets. The fixed parameters are reported in Table 1.




5.2. Evaluation Metrics


Due to the inconsistency of metrics across datasets, in our study we chose to compare Accuracy and F1-Score as they were the most common metrics used. We relied on BinaryAccuracy and BinaryF1Score functions from the torchmetrics library to track our metrics during training and testing.


Accuracy = (TP + TN)/(TP + FP + FN + TN),



(4)







Accuracy is straightforwardly the ratio of correctly predicted examples to the total number of examples in the dataset. It measures the overall correctness of the model.



The F1-score was calculated by taking the harmonic mean of precision and recall. Precision is the ratio of correctly predicted examples to total predicted positives, meaning it measures the accuracy of positive predictions. Recall is the ratio of correctly predicted observations to total examples in the actual class, meaning the sum of the number of examples that are predicted to be sarcastic and are labelled sarcastic in the labelled dataset and the number of examples predicted to be not sarcastic but are actually labelled sarcastic. Hence, recall measures the ability of the model to correctly identify all positive examples. F1-score offers a more nuanced and comprehensive evaluation metric for the model’s performance by balancing recall and precision.


Recall (R) = TP/(TP + FN)



(5)






Precision (P) = TP/(TP + FP)



(6)






F1-Score = 2 × ((P × R)/(P + R))



(7)







We emphasize that our main evaluation metric was the F1-score. Note that accuracy and F1-score are the most popular evaluation metrics.




5.3. Benchmark Evaluations


Overview of Datasets


The datasets used in this study were Sarcasm Corpus V2 (SV2) [75] and Self-Annotated Reddit Corpus (SARC) [67].



The overall statistics regarding the number of samples in the datasets can be found in Table 2. We provide statistics of the length of sentences and the total number of words in Table 3, repeated words inclusive. We calculated these statistics by applying the word tokenize function from the nltk library for every sample in each dataset to obtain the number of words.



SV2 is a labelled subset of the Internet Argument Corpus (IAC), containing posts specifically for sarcasm. The dataset comes with three types of samples: generic (GEN), hyperbole (HYP), and rhetoric (RQ). In our study, we used only the GEN subset. It is a balanced dataset, containing 3260 posts for each class. On average, each piece of text in this dataset contained 51 words. Its standard deviation was quite high at 36.1, suggesting that this dataset had a wide variety in text length. Examples of sarcastic sentences in this dataset include: “Depends on when the baby bird died. run along little boy…let the adults debate”, “You don’t see protesters walking around going “I wanna marry my dog” or “beastiality rocks” do you?!”, etc.



The original unbalanced SARC 2.0 contained a total of 533 million comments from the social media site Reddit, where 1.34 million of them are classified as sarcastic. As that corpus is extremely large, we opted for the slightly smaller subsets with balanced distributions for each class, at 128,541 each. From Table 3, we note that the average length of text in this dataset tended to be much shorter than the one in SV2. The lower standard deviation also suggests the text lengths are probably more consistent. We used these statistics to drive our empirical testing of hyperparameters.





5.4. Sarcasm Corpus V2 (SV2)


Both our models outperformed all of the previously proposed methods as listed in Table 4 on both metrics. Our best baseline model was trained for 10 epochs with a learning rate of 0.001, batch size 256 and max length of 80. Our method improved previously proposed sarcasm detection methods by about 6.2%. The improvement of our model achieved competitive or equivalent performance with state-of-the-art neural network models, emphasizing the effectiveness of our proposed method. This supports our belief that a multi-level embedding approach is suited for sarcasm detection. Taking this sentence from the dataset as an example: “Depends on when the baby bird died. run along little boy…let the adults debate”, using Word2Vec to detect sarcastic intent would be difficult. This sentence heavily relies on contextual clues and nuances such as “run along” having a more patronizing tone. This tone would likely be picked up by the RoBERTa and SBERT models in our SAWE framework. Furthermore, the rich representation by the concatenated vector provides more robustness via a broader linguistic scope at the word and sentence level.




5.5. Self-Annotated Reddit Corpus (SARC)


In comparison to the SV2 dataset, our model did not perform as outstandingly in the SARC 2.0 dataset, although it did show improvements compared to some baselines as listed in Table 5. We observed that the baseline models that our model outperformed (Bag-of-Words (BOW), CNN, and CNN-SVM) are models that are only able to capture local semantic information given an input text and fail to capture the implicit incongruity between words that is needed for sarcasm detection. This observation implies that our model was capable of capturing some incongruity within the text in order to perform slightly better.



The best-performing models are from the works of [48,78]. Ref. [48] uses ELMo embeddings into a BiLSTM, highlighting the superior performance of ELMo embeddings to capture more meaningful sarcastic information at a character level. This suggests an avenue for future research. Ref. [78] employed a self-attention GRU with multiple heads where multiple self-attention mechanisms could run in parallel. This allowed the model to capture more intricate dependencies between words and have better generalization and robustness. We note that our model also employed self-attention, although we did not use multiple heads as [78,79,80] did.



The difference between the two datasets is text length and structure complexity. SV2 has longer texts on average than SARC, as evident in Table 3. This suggests that our model showcased better performance for texts with longer text length than for short text and serves as a point of investigation. The hyperparameters of our best comparable model on the SARC 2.0 dataset are as follows: a learning rate of 0.00001, 3 epochs, a batch size of 32 and a max length of 20.




5.6. Experiments


In this section, we briefly go over the training evaluation metrics for both datasets and hyperparameters testing. We conducted extensive experiments to fine-tune our model. We used early stopping to end training when the validation loss stopped improving, to prevent overfitting.



We observe that for both datasets, we achieved a decreasing training loss which appeared relatively stable with no sharp drops or fluctuations. This indicates that our model had stable training (Figure 4). We note that for the SV2 dataset, the training loss seemed to be decreasing at a faster rate than for the SARC 2.0 dataset. We attribute this to the smaller dataset size for SV2 as seen in Table 4. Given that the trend in training loss seems relatively stable, we are inclined to believe there was no obvious overfitting in our model.




5.7. Testing Batch Size


For each dataset, we tested a batch size of 32 and 128. We present our findings in Figure 5, Figure 6 and Figure 7. We note that a larger batch size for the SV2 dataset produced less fluctuations in the F1-score and accuracy.




5.8. Testing Learning Rate


We tested a learning rate of 0.00001 and 0.001 on the SARC 2.0 dataset. We present our findings in Figure 8. We note that a smaller learning rate may have been more ideal for this dataset.




5.9. Testing Max Length


We experimented with values of 80 and 256 on the SARC 2.0 dataset and present our findings in Figure 9. We note that there did not seem to be much difference in accuracy performance, but there was some obvious deviation with the F1-score. This means that there were trade-offs between precision and recall in our model’s performance. Our work would benefit from further investigation using those metrics.



With evidence from Table 3, we can infer that our model would benefit from a smaller max length for this dataset. We used this information during the fine-tuning of our model and experimented with small max lengths of 15, 20, and 30. We found that the model began to overfit for lengths below 20. This might have been due to incomplete information as a result of the truncated context of the sentence. Careful consideration must be given to determine the most optimal max length for best performance.





6. Ablation Studies


An ablation study aims to evaluate the overall performance of a system when certain components are removed to understand each component’s effect. In our ablation study, we investigated the impact and contribution of each derived embedding vector on the model’s performance. This is done by systematically removing one module at a time and training the new model, i.e., removing the affective embedding vector creation and training the model with only the remaining two sentence embedding vectors and context-dependent word embedding vector. We measured the impact using the same evaluation metrics, as well as the average time taken per epoch. We conducted the study on the SV2 dataset, with the following hyperparameters: a learning rate of 0.00001, 3 epochs, a max length of 256, and a batch size of 256 to ensure a controlled experiment. We present our findings in Table 6.



From Table 6, we observe that the context-dependent word embedding vector had the largest impact across all evaluation metrics from the significant decrease in performance across all metrics. This is aligned with our expectations as our word embedding vector was generated by the hybrid model consisting of RoBERTa and BiGRU which effectively captures contextual information which is crucial for sarcasm detection, as supported earlier in our literature review. The results in Table 6 emphasize the importance of context as a defining feature in sarcasm detection.



Interestingly, our affective embeddings vector appears to slightly degrade our model performance on the SV2 dataset when our model uses the CNN component, but shows improvement when the model does not have the CNN component but uses the affective embeddings. We attribute this to the affective embeddings adding noise to the features which the CNN extracts from. Overall, it appears that the affective embeddings have the least impact on the model performance.



From the confusion matrix in Figure 10, we note that the addition of CNN helped in lowering the number of false positives and increasing the number of true positives. However, there was a slight increase in false negatives. Overall, from Table 6, we observe that the addition of CNN improves model performance across all metrics by up to 1%.



From the confusion matrix in Figure 11 and Table 7, we observe that the addition of CNN improved the model performance on the SARC 2.0 dataset. Similar to the SV2 dataset, the context-dependent word embeddings had the greatest impact on model performance across all metrics. Interestingly, the absence of affective embeddings had a greater impact on the metrics on this dataset when compared to its smaller impact on the SV2 dataset. This could be due to a possibly increased presence of affective words used in SARC 2.0 compared to SV2. For SARC 2.0, the sentence embeddings have the least impact on model performance. This could be due to SARC 2.0 containing short texts, as we observed in Table 3 and hence knowing the semantic meaning of short text might not be entirely useful.




7. Conclusions


In this research study, we presented SAWE, a multi-aspect embeddings-based framework for text-based sarcasm detection. Some existing methods have a fixed perspective with a focus on a singular-embedding level, usually only at the word level, while others consider affective information within the sentence but ignore contextual information from a local and global point of view.



In our proposed framework, we viewed the sentence from multiple levels: sentence, affect, and word level. Additionally, we also extracted aspects such as contextual information across sentence and word levels and calculated an affective vector by extracting affect words in a sentence and utilizing SenticNet to obtain affect information. We evaluated our model on two benchmark datasets and found that our model outperformed previously proposed baselines, even outperforming state-of-the-art models for one dataset.



Limitations to our study are the complete reliance on a singular-affective lexicon and the inefficiency of our framework when dealing with larger datasets. Suggested areas for future research include incorporating a character-level embedding vector in addition to sentence, affect, and word levels. Another area to consider is multiple heads for self-attention, following the success of the attention mechanism.
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Figure 1. Overview of proposed framework. 
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Figure 2. Normalization and concatenation of vectors. 
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Figure 3. CNN-MLP Architecture. 
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Figure 4. (a) Training evaluation metrics for the best-performing models on SV2; (b) Training evaluation metrics for the best-performing models on SARC 2.0 dataset. 
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Figure 5. (a) Impact of batch sizes on training accuracy on SARC 2.0 dataset; (b) Impact of batch sizes on training accuracy on SV2. 
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Figure 6. (a) Impact of batch sizes on F1-Score on SARC 2.0 dataset; (b) Impact of batch sizes on F1-Score on SV2. 
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Figure 7. (a) Impact of batch sizes on training loss on SARC 2.0 dataset; (b) Impact of batch sizes on training loss on SV2. 
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Figure 8. (a) Impact of learning rate on training accuracy on SARC 2.0 dataset; (b) Impact of learning rate on F1-Score on SARC 2.0 dataset; (c) Impact of learning rate on training loss on SARC 2.0 dataset. 
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Figure 9. (a) Impact of max length on training accuracy on SARC 2.0 dataset; (b) Impact of max length on F1-Score on SARC 2.0 dataset; (c) Impact of max length on training loss on SARC 2.0 dataset. 
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Figure 10. (a) Confusion Matrix of SAWE on SV2; (b) Confusion Matrix of SAWE-CNN on SV2. 
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Figure 11. (a) Confusion Matrix of SAWE on SARC; (b) Confusion Matrix of SAWE-CNN on SARC. 
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Table 1. Fixed parameters of our framework. Input dimensions here refer to the input to the MLP classifier.
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	Parameter
	Value





	Hidden Dimensions
	128



	Number of layers

(n layers)
	2



	Attention Dimensions
	64



	Output Dimensions
	2



	Input Dimensions
	646










 





Table 2. Sample-level statistics per dataset.
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	Training
	Testing
	Total





	SV2
	5216
	1304
	6520



	SARC
	257,082
	64,666
	321,748










 





Table 3. Word-level statistics per dataset.
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	Total
	Min
	Max
	Mean
	Std





	SV2
	330,093
	0
	212
	50.6
	36.1



	SARC
	3,011,355
	0
	1607
	11.7
	8.84










 





Table 4. Results on SV2 dataset.
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	Accuracy
	F1 Score





	GRNN [76]
	0.614
	0.612



	CNN-LSTM-DNN [77]
	0.644
	0.643



	N-Grams [75]
	-
	0.730



	Word2Vec [75]
	-
	0.740



	Our Model (without CNN)
	0.768
	0.767



	Our Model (with CNN)
	0.793
	0.802










 





Table 5. Results on SARC 2.0 dataset.






Table 5. Results on SARC 2.0 dataset.










	
	Accuracy
	F1 Score





	BOW [78]
	0.630
	0.640



	CNN [78]
	0.650
	0.630



	CNN-SVM [53]
	0.680
	0.670



	Khodak et al. [67]
	0.758
	-



	ELMo-BiLSTM-FULL [48]
	0.702
	0.760



	Our Model (without CNN)
	0.686
	0.677



	Our Model (with CNN)
	0.694
	0.690










 





Table 6. Results of ablation study on SV2.
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With CNN

	
Without CNN




	

	
Accuracy

	
F1

	
Precision

	
Recall

	
Accuracy

	
F1

	
Precision

	
Recall






	
Sentence and Word embeddings only

	
0.781

	
0.787

	
0.765

	
0.810

	
0.776

	
0.775

	
0.780

	
0.770




	
Affect and Word embeddings only

	
0.773

	
0.779

	
0.759

	
0.801

	
0.771

	
0.770

	
0.774

	
0.767




	
Sentence and Affect embeddings only

	
0.745

	
0.744

	
0.748

	
0.739

	
0.736

	
0.736

	
0.736

	
0.736




	
Sentence, Affect,

Word embeddings

(All)

	
0.793

	
0.802

	
0.769

	
0.837

	
0.767

	
0.772

	
0.756

	
0.788











 





Table 7. Results of ablation study on SARC 2.0.
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With CNN

	
Without CNN




	

	
Accuracy

	
F1

	
Precision

	
Recall

	
Accuracy

	
F1

	
Precision

	
Recall






	
Sentence and Word

embeddings only

	
0.674

	
0.662

	
0.686

	
0.639

	
0.676

	
0.666

	
0.687

	
0.646




	
Affect and Word

embeddings only

	
0.687

	
0.685

	
0.689

	
0.681

	
0.686

	
0.670

	
0.707

	
0.636




	
Sentence and Affect

embeddings only

	
0.648

	
0.650

	
0.647

	
0.652

	
0.648

	
0.640

	
0.654

	
0.625




	
Sentence, Affect,

Word embeddings

(All)

	
0.694

	
0.691

	
0.699

	
0.683

	
0.686

	
0.677

	
0.685

	
0.625
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